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Abstract

Machine learning algorithms, especially deep learning architectures, have demonstrated

immense potential for biomedical segmentation, often surpassing expert-level performance.

For cardiac magnetic resonance (CMR) imaging, semantic segmentation is critical to deriv-

ing clinical measures such as myocardial mass and volume. However, challenges still exist.

Manual delineation by domain experts is time-consuming and subject to human errors. With

semi-automated segmentation techniques, it is challenging to analyze images of the same sub-

ject twice, end-diastole and end-systole of the cardiac cycle. To address these challenges, we

propose a deep learning-based end-to-end analytical pipeline for automated segmentation of

short-axis CMR imaging. The automated pipeline successfully avoids the problem of human

subjectivity and achieves expert-level segmentation accuracy. With a large heterogeneous

data inclusive of subjects of varying conditions, our model overcomes the data-homogeneity

and achieve 99:9% dice similarity score, which outperforms the current state-of-art work.

In the second part of the thesis, we discuss the use of signal processing and deep learning

methods for brain computer interface (BCI) application. Electroencephalography (EEG) is a

brain imaging approach that has been widely used in neuroscience and clinical settings. The

conventional EEG analyses usually require pre-defined frequency bands when characterizing

neural oscillations and extracting features for classifying EEG signals. However, neural re-

sponses are naturally heterogeneous by showing variations in frequency bands of brainwaves

and peak frequencies of oscillatory modes across individuals. Fail to account for such vari-

ations might result in information loss and classifiers with low accuracy but high variation

across individuals. To address these issues, we present a systematic time-frequency analysis

approach for analyzing scalp EEG signals. In particular, we propose a data-driven method to
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compute the subject-specific frequency bands for brain oscillations via Hilbert-Huang Trans-

form, lifting the restriction of using fixed frequency bands for all subjects. Then, we propose

two novel metrics to quantify the power and frequency aspects of brainwaves represented

by sub-signals decomposed from the EEG signals. The effectiveness of the proposed metrics

are tested on two scalp EEG datasets and compared with four commonly used features sets

extracted from wavelet and Hilbert-Huang Transform. The validation results show that the

proposed metrics are more discriminatory than other features leading to accuracies in the

range of 94.93% to 99.84%. Besides classification, the proposed metrics show great potential

in quantification of neural oscillations and serving as biomarkers in the neuroscience research.
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Chapter 1

Introduction

This thesis is divided into two major projects. In the �rst part of our work, we leverage

deep learning models to automate semantic segmentation of Cardiac MRI images. Eight

DL models trained on a large LV and RV datasets, are made publicly available to facilitate

future work including transfer learning. The second part proposes feature engineering and

deep learning based methods to analyse EEG Signals with Hilbert - Huang transform.

1.1 Introduction to Automated Semantic Segmentation of Cardiac MRI

The World Health Organization ranks cardiovascular diseases (CVDs) as the number

1 cause of global deaths, and estimates 17:9 million deaths because of CVDs [5] each year.

Researchers have been investigating CVDs in order to improve the treatment and reduce

mortality for years. To better study CVDs, various medical imaging techniques have been

employed such as echocardiography, computed tomography (CT), and cardiovascular mag-

netic resonance imaging (CMR, also known as cardiac MRI), etc. As a non-invasive investi-

gation technique, CMR can produce detailed images of the cardiovascular system with good

quality. Unlike single-photon emission computed tomography (SPECT), CMR does not pose

the radiation burden, which makes it a safer choice.

Biomedical images have been studied extensively in the past few decades [6{9]. Quanti-

tative evaluation of cardiac anatomical structures and their segmentation by clinicians yield

meaningful information such as myocardial mass, left ventricle (LV) volume, right ventricle

(RV) volume, ejection fraction (EF), etc. The anatomical structure of our interest in this

work is both, LV and RV. Traditionally, CMR is manually segmented by domain experts.

Clinicians typically take 20 minutes to analyze the CMRs of one subject at the end-diastole
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and the end-systole. Manual segmentation is time-consuming and su�ers from subjective

errors. Therefore, researchers started to leverage statistical models and machine learning

models [10,11] to train semi-automated [6,10,11] or automated segmentation [12,13] tools.

These models have demonstrated great potential in achieving expert-level performance, but

require feature engineering or domain knowledge to improve their performance.

Advancements in hardware, including faster GPUs and TPUs, and the availability of

large datasets, greatly bene�t the arti�cial intelligence research especially deep learning (DL).

DL-based algorithms avoid human intervention by automatically learning the features from

the data, and often surpass human performance in various tasks such as cancer detection [14]

and image recognition [15]. With more cardiac MRI images available, DL-based segmentation

models gradually show expert-level performance which outperforms traditional methods and

become popular in CMR research [16{18].

Although extensive research has been done in the �eld of automatic semantic segmen-

tation of cardiac MRI, several barriers still exist, such as data homogeneity, heterogeneous

brightness and intensity values of the LV cavity due to blood 
ow, lack of large public

data, and training performed on shallow networks. Due to several technical constraints, the

automatic semantic segmentation of CMR images remains challenging.

Jang et al. [19] used 2D M-Net with weighted cross-entropy loss to train bi-ventricle

short-axis view images. A 2D UNet architecture was trained and veri�ed on a multivendor,

multi-scanner dataset that o�ered baseline for various short-axis left ventricle myocardium

images [20]. Fahmy et al. [21] employed a fully convolutional network and observed remark-

able results. Besides the use of FCN-based architecture, spatial or temporal contexts have

also been introduced with FCN, RNN, and U-net by various researchers, including Poudel

et al., Patravali et al., and Wolterink et al. [22{24]. Poudel et al. [22] achieved inter-slice co-

herency in short axis bi-ventricle structures by combining a 2D FCN network with recurrent

neural networks. Multi-stage networks have also been popular in training short-axis images,

including CNN for localization and contour parameter derivation [25]; FCN for localization
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and segmentation [26]; and a combination of Unet, CNN, and cascaded Unet. Various hybrid

segmentation methods [27{30] techniques have also been proposed.

Tran (2016) [12] was one of the �rst attempts to use fully convolutional networks (FCNs)

to segment LV myocardium and RV on short-axis CMR images, and FCNs outperformed

several traditional techniques. In the following years, di�erent variations of FCNs have been

proposed [13,31] and numerous works [32,33] have been done to improve the segmentation

performance of CMR by investigating various loss functions. Emad et.al [18] trained a CNN

model on 33 patients and achieved 0:9866 accuracy. Besides FCNs, researchers also exploit

the U-Net [2] architecture which works well for pixel-wise prediction and shows promising

performance even with small amount of training images. For instance, Abdelmaguid et.al

[16] trained a U-Net architecture on 2000 images and gave the dice score in the range of

0:9450� 0:9650. However, one major limitation of these works is the unavailability of large

data sets while they attempt to overcome this by employing various data augmentation

techniques.

To address the shortcomings, Bai et.al [17] trained a FCN inspired architecture on a

larger dataset with 93; 500 images of 4; 875 subjects from the UK Biobank, and yielded a

remarkable performance with 0:94 dice score. However, the UK Biobank dataset is relatively

homogeneous, as pointed out by the authors [17]. With the majority of subjects being

healthy, only a small proportion of the data corresponds to self-reported cases of CVDs [34].

Compared to the existing works that su�er from the lack of large datasets, shallow

networks for training, and the homogeneous nature of test subjects, the automated segmen-

tation pipeline we propose overcomes these restrictions. Our data is more heterogeneous and

much larger compared with small datasets collected mostly from healthy subjects in most

previous work [13,16{18,31]. It includes healthy volunteers and patients with hypertension,

mild to moderate and severe mitral regurgitation, and myocardial infarction with and with-

out diabetes. These patient groups are representative of the most common situations that

change the shape of the heart due to CVDs.
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To overcome the challenges, we propose a DL-based segmentation pipeline [35] to au-

tomatically draw the endocardial and epicardial borders of the LV and RV for a large and

heterogeneous CMR data. Also, four di�erent variations of DL models for RV and LV

datasets were trained and evaluated to achieve expert-level segmentation capabilities. After

pre-processing the CMR images, we modify and compare four DL architectures: U� net with

and without dropout layers, residual U� net, and Fully Convolutional Network (FCN). The

testing results show that the modi�ed models can achieve expert-level performance and the

best one reaches 0:9990 and 0:9977 dice score for LV and RV, respectively. The automated

segmentation models require no human intervention, which saves lots of time and e�ort for

clinicians. Also, the pre-trained network architectures can facilitate transfer learning and

automated segmentation for other homogeneous/non-homogeneous datasets.

The third chapter of the thesis is organized as follows: we introduce our methodology in

Section 3.1 and present the results in Section 3.2. We discuss the future work and conclude

in Section 3.3.

1.2 Introduction to Time-frequency Analysis of Scalp EEG with Hilbert-Huang

Transform and Deep Learning

Electroencephalography (EEG) is a popular brain imaging technique in various neuro-

science research settings [36]. It measures voltage changes through arrays of electrodes placed

on the scalps, which re
ects the underlying neural activities after attenuation through skin

and bones. Distinctive patterns of neural signals are robustly linked to perception, emotion,

and other aspects of cognition [37{41]. By classifying EEG signal, we can successfully detect

the presence of epilepsy [42], microsleep episodes [43], and emotion [44], among others. One

prominent phenomenon in EEG signal is the presence of neural oscillations. There are �ve

brain oscillations that are widely recognized: gamma, beta, alpha, theta, and delta. And

each brain oscillation corresponds to a well-known frequency band: delta (1-4 Hz), theta

(4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz), low gamma (30-60 Hz), etc. [39,40].
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Neural responses are naturally heterogeneous by showing variations between individu-

als or within individuals. But researchers have been using the same conventional frequency

bands to characterize brain oscillations for all individuals. While employing such strict

de�nitions has been useful for advancing our understanding of how speci�c frequency bands

contribute to certain aspects of cognition, the rigidity actually ignores the intrinsic character-

istic of brain as a complex system: neural oscillations manifest constant evolving amplitudes

and frequencies.

The frequency bands corresponding to brain oscillations might vary across individuals

and species. For example, similar behaviors are correlated with oscillations of di�erent fre-

quency bands across animal species: in human hippocampus, movement-related theta oscilla-

tions occupy the range of 1-4 Hz, while in rats the frequency range turns to be 4-7 Hz [45{49].

Likewise, Doppelmayret al. [50] also argued for individual di�erences in frequency bands

(personalized frequencies) for the measures of event-related band power. Therefore, a rigid

categorization of canonical frequency bands might miss the critical aspect of individual dif-

ferences and instantaneous 
uctuation within the oscillatory modes. A method to derive the

subject-speci�c frequency bands is needed.

When quantifying the power of certain brain oscillations, it is common to use the power

of several frequencies sampled within the �xed frequency bands, such as the power spectral

density (PSD). However, not only the frequency bands of brain oscillations di�er across

individuals, but also the peak frequencies of oscillatory modes can be di�erent within species.

For instance, peak alpha frequencies can shift throughout the development of adulthood [51],

and peak alpha frequencies can discriminate the level of sensitivity to pain in individuals [52].

If frequencies sampled within the frequency bands deviate from the intrinsic frequencies

related to the study, information might be lost. Therefore, metrics that can quantify the

power of oscillation modes without the need of sampling frequencies is desired.
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In addition to pre-processing the scalp EEG signals, the conventional EEG analysis is

carried out in several directions: averaging signals on the temporal domain (e.g., event re-

lated potentials), transforming signals into frequency domain (e.g., using Fourier Transform)

or time-frequency domain (e.g., using Wavelet transform). Features can be extracted accord-

ingly, for example, PSD, entropy, or other statistical features such as standard deviation and

mean absolute value of the coe�cients or transformed signals [42, 53{58]. The features are

further used to construct classi�cation models like classifying epileptic EEG signals [42] and

di�erentiating ictal signals [54]. However, the commonly used features are not informative

enough to encapsulate individual di�erences and changes of an oscillatory mode throughout

its life span, leading to low accuracy and low robustness of the classi�cation models across

individuals. Therefore, it is critical to discover informative features that take individual dif-

ferences into account while encapsulates meaningful and useful neural information of EEG

signals.

To overcome the aforementioned limitations, in this part of the thesis we �rst propose

a data-driven method to obtain the subject-speci�c frequency bands for brain oscillations.

Then, two novel metrics are proposed to characterize the time{frequency representation of

sub-signals decomposed from EEG. Three machine learning models are employed to construct

classi�ers using the proposed metrics on two scalp EEG datasets. Furthermore, classi�ers

using four commonly used feature sets are also trained to compare the e�ectiveness of the

novel metrics. Additionally, the proposed metrics demonstrate the potential to serve as new

biomarkers for neuroscience research.

Our main contributions can be summarized as follows:

ˆ Data-driven method to obtain subject-speci�c frequency bands for brain

oscillations. Instead of employing the prede�ned and �xed frequency bands for all

individuals, we propose a HHT-based method to compute the frequency bands for

each individual. The results show that the subject-speci�c frequency bands match the

conventional bands closely but they do vary across di�erent subjects.
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ˆ Novel metrics to quantify the power of brain oscillations. With the subject-

speci�c frequency bands, we propose two novel metrics to measure the frequency and

power of the sub-signals obtained from HHT, which can be used to represent brain

oscillations. The new information-bearing metrics is more discriminatory than the

commonly used feature sets extracted from wavelet transform and HHT in the litera-

tures. Besides, the proposed metrics also carry interpretable meanings in neuroscience.

ˆ Deep learning-based method to automate feature engineering for HHT. We

propose to automate feature engineering by employing deep learning architectures on

the time-frequency representation of EEG signals revealed by HHT.

The fourth chapter of the thesis is organized as follows: In Section 4.1, we introduce the

two scalp EEG studies. In Section 4.2, we show our proposed approach. In Section 4.3, we

validate the e�cacy of our approach on two scalp EEG datasets and compare it with four

commonly used feature sets extracted via HHT and wavelet transform. Finally, we conclude

the paper and discuss the potential applications of our novel features in Section 4.4.

7



Chapter 2

Preliminary and Background

2.1 Deep Learning Architectures

In the early 1980s, John Hop�eld's recurrent neural network made a signi�cant break-

through in arti�cial intelligence and machine learning research. The event followed Terrence

J. Sejnowski and Charles R. Rosenberg's NetTalk [59] in 1986 that could pronounce English

words. Since then, various deep learning architectures that o�er both - supervised and un-

supervised training have been developed. This section summarises some of the deep learning

architectures used towards the completion of this thesis.

2.1.1 Fully Convolutional Network [1]

Fully Convolutional Networks comprise an input layer, followed by hidden layers and

an output layer. The hidden layers perform convolutions and have their input and output

values masked by activation function and successive convolutions. The network is designed

to take a tensor as its input. When passed through a convolutional layer, an activation map

is obtained. This activation map is an abstract representation of the input and is usually

fed as input to the next layer. This architecture is usually impractical for high-resolution

images or large inputs. It often requires a large number of neurons in shallow architectures

or large models to facilitate generalization.

2.1.2 UNet [2]

The fully convolutional network (FCN) derives the U-Net architecture. Finding ap-

plications in pixel-wise regression, volumetric and image segmentation, and image-to-image
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translation, U-Nets demonstrate high segmentation capabilities for limited datasets, espe-

cially biomedical data. The main idea revolves around forming a U-shaped network with

contraction and expansive path. Therefore, while one-half downsamples the input, the up-

sampling layers increase the resolution of the output. Multiple feature channels in the expan-

sion path facilitate the U-Net model to propagate context information to higher resolution

layers, thereby making the U-Net architecture symmetric.

2.1.3 Residual UNet [3]

ResUnet combines the idea of U-Net and residual neural network architectures. While

this blend of two architectures o�er a combined strength of two powerful models, it also facil-

itates easy training and propagation of information without information loss or degradation.

The number of training parameters needed by a ResUnet is usually fewer than those required

by various traditional architectures. While the UNet architecture uses a contraction and ex-

pansion path, ResUnet utilizes three sections: the encoder, the bridge, and the decoder.

Encoding the input vectors into compact representation is performed by the encoder part of

the model, while the decoder recovers pixel-wise categorization of prediction. The bridge,

as the name suggests, connects the encoder to the decoder. Employing residual units in the

encoding and decoding path is one of the signi�cant features of this architecture. Dropout

layers and regularization techniques may be used to increase model accuracy and e�ciency.

2.2 Training Methodology

2.2.1 Loss Function

Deep learning models approximate ground truth labels to obtain predicted values for all

training inputs. A loss function evaluates the ability of the models to make such approxima-

tions. It considers the model weight and bias referred to as training parameters and tries to

bring the predicted labels closer to the ground truth. The choice of loss function depends on

the type of machine learning algorithm used, the task, and the ease of calculating the loss
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derivative. An algorithm similar to Stochastic Gradient Descent (SGD) or Adam facilitate

smooth learning of model parameters.

2.2.2 Optimization Algorithm

During the training of the neural networks, the architecture computes loss for each

training example drawn from the dataset. The �nal error is the sum of all the losses computed

per epoch. A backpropagation algorithm then propagates the error, and hence the partial

derivates of the loss function are computed. The training parameters are updated as per

the partial derivative values obtained. This step uses a suitable optimization technique.

Di�erent optimization techniques have been used for various tasks throughout this thesis

- Stochastic Gradient Descent, Adam, or Root Mean Squared propagation. Predication,

backpropagation, and optimization are iterated until convergence is obtained.

2.3 Layers

2.3.1 Linear Layer

Linear layers apply a linear transition to the vectored representation of the input. Math-

ematically, they have weight (W) and bias (b). It is represented as:

y = W � x + b: (2.1)

yj =
nX

i =1

(Wj � x i ) + bj : (2.2)

It is a monotonic function, and hence, the learned weight for the dimension it is applied to

is guaranteed to be either non-negative for increasing function or non-positive for decreasing

monotonicity.
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2.3.2 Activation Layer

Non-linear activation functions �nd their applications in numerous machine learning

tasks since they o�er excellent generalization capabilities. Besides, these activation functions

easily adapt to a variety of datasets and tasks. Here is a list of the most commonly used

activation functions. The list is not comprehensive :

Sigmoid

The sigmoid function is a di�erentiable, bounded, monotonic with a bell-shaped �rst

derivative. A non-negative derivative is obtained at each point and has exactly one in
ection

point. Mathematically, it is de�ned as:

y = 1=1 + e� x (2.3)

For non-negative values, the sigmoid is concave and is convex for negative input values. The

activation of the neuron saturates either at the tail of zero or one.

ReLU

Analogous to the ramp function, it is similar to half wave recti�er in Electrical Engineer-

ing. While it is unbounded, non-di�erentiable at zero (although di�erentiable everywhere

else) and often su�ers from the problem of dying ReLU, this activation function �nds its

application in vision, speech recognition and neuroscience. Mathematically, ReLU takes the

form:

y = max(0; x) (2.4)

The problem of dying ReLU is often tackled using Leaky ReLU. It o�ers a small, positive

gradient when the unit is inactive or turns zero.

11



Tanh

The hyperbolic tangent activation function has a shape similar to sigmoid. However, it

takes real valued inputs only to output values in the range of -1 to +1. Mathematically, it

is expressed as:

y = ( ex { e� x )=(ex + e� x ) (2.5)

2.3.3 Pooling Layer

Pooling layers are often added after a convolutional layer in deep learning architectures.

It creates a new set of pooled feature maps as it operates on each feature map separately.

The size of each feature map is reduced by the pooling layer by a factor of p where p is the

size of the pooling operation. The size of the pooling operation used is smaller than the size

of the feature map. The most commonly used pooling operations are:

1. Average Pooling : It calculates the average value for each patch selected on the feature

map. Hence, using an average pooling operation may not o�er a selection of sharp

features.

2. Max Pooling : It calculates the maximum value for each patch selected on the feature

map. Thereby, brighter pixel values are selected.

The pooling layers o�er the model's invariance to local translation.

2.3.4 Batch Normalization

As the Batch Normalization layer shifts the inputs to zero mean and unit variance, this

layer helps in faster model convergence. It facilitates the input of each trainable layer to

be comparable across features. This ensures a high learning rate during model training and

prevents activation functions like sigmoid from reaching zero gradient values.
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Chapter 3

Automated Semantic Segmentation of Cardiac MRI

3.1 Methodology

In this section, we �rst introduce our data and the techniques used for data augmentation

and pre-processing. We then discuss the DL models in detail and further compare their

performance.

3.1.1 Dataset Description

The CMR images were acquired as part of a separate clinical study at the University

of Alabama at Birmingham (UAB). The SCCOR dataset consists of 100; 199 short-axis cine

CMR images recorded from 1; 344 subjects. These subjects include normal volunteers and

patients with hypertension, mild to moderate and severe mitral regurgitation, and myocardial

infarction with and without diabetes. The resolution of images is 256� 256, and the mask

is 256� 256� 3, where 3 represents the respective channels.

HELIX dataset containing 8; 502 short-axis cine CMR images collected from 38 patients

was also obtained from UAB. A major characteristic of this dataset is that all patients have

diastolic dysfunction. HELIX data is in the same format as SCCOR, but there is only one

pathology and one visit. HELIX dataset is not involved in the training of deep learning

models and are used only during the testing phase.

Manual annotation was performed by a team of experts at Auburn University MRI

Research Center using custom-written software [4]. Papillary muscles were considered part

of the blood pool. The models have been trained and tested on both, left and right ventricle

(LV and RV) cardiac MR images.
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Figure 3.1: Illustrative example of the dataset. (a) CMR image of Left Ventricle and (b)
the corresponding ground truth mask. (c) Right Ventricle of another subject with (d) cor-
responding ground truth mask obtained using the custom written software [4]. The ground
truth masks are further veri�ed by experts to ensure minimal errors.

3.1.2 Data Preparation and Augmentation

The custom-written software [4] yields 256� 256 dimensional grayscale images and the

corresponding expert-annotated RGB ground truth masks of the same dimensions. The

CMR images and masks are in Digital Imaging and Communications in Medicine standard

(DICOM) and tagged image �le format (TIFF) respectively. Since the DL architectures

have speci�c dimensional requirements, we standardize the cardiac images and masks to

256� 256� 1 and 256� 256� 3 dimensional numpy arrays respectively. Also, the pixel

size ranges from 1:5mm � 1:5mm to 1:8mm � 1:8mm. The images have not be rescaled to

maintain the information contained in every pixel. The primary pre-processing operations

performed on the training dataset include:
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Figure 3.2: Illustration of Data Pre-processing pipeline. (a) a sample cardiac MR image
from the training set, (b) the corresponding histogram, a graphical representation of the
pixel values of the image, (c) resized sample image to 256� 256 dimensional representation,
(d) random rotation 2 (� 90� , 90� ), (e) CLAHE to improve contrast.

1. Random Rotation: The training images and the corresponding masks are both rotated

at a random angle ranging from� 90� to 90� .

2. CLAHE: Contrast Limited AHE (CLAHE) [60] is randomly applied in order to limit

contrast ampli�cation, thereby reducing the problem of noise ampli�cation.

The pre-processing and augmentation pipeline involves image resizing, random rotation,

and CLAHE, as illustrated in Figure 3.2. The histogram in panel (b) gives an intuition of

the contrast, brightness, and intensity distribution which implies the image in panel (a) is

dominated by darker pixel values. After conducting intensive experiments, we decide to have

two datasets ready for training, augmented data which goes through three steps (c)-(e) and

non-augmented data which only goes through one step, i.e. resizing (c).
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Table 3.1: U-Net Architecture with Dropout Layers

Layer Name No.of Stacks
Input Layer : 256 X 256 X 1 dimensional input

Encoder

2D Convolutional Layer
50% Dropout

2D Convolutional Layer
Max Pooling Layer

X 4

2D Convolutional Layer
50% Dropout

X 2

Decoder

2D Transposed Convolutional Layer
Concatenate Downsampling Path

2D Convolutional Layer
50% Dropout

2D Convolutional Layer

X 5

Output Layer : 256 X 256 X 3 dimensional output

3.1.3 Deep Learning Architectures

In this section, we describe four deep learning models inspired by the U-Net [2], ResUNet

[3], and fully convolutional network (FCN) [61]. They are modi�ed to suit our task and

perform well on the evaluation metrics.

U-Net with Dropout Layers

The U-Net [2] encoder-decoder network inspires the �rst deep learning model (Table 3.1).

The contracting path or encoder, constituted by 2D convolutional layers, and the expansive

path or the decoder, composed of transposed 2D convolutions, form the two major parts

of the architecture. The encoder uses repeated 3� 3 padded convolutional �lters with the

recti�ed linear unit(ReLU) as activation. It is followed by 50% dropout and 2� 2 max

pooling layer for downsampling. The convolutions have 32, 64, 128, 256, and 512 �lters in

the contracting path. Each downsampling step in the encoder path doubles the feature map.

Expanding path or decoder upsamples the channel and concatenates feature maps from

the encoder path at each stage via skip connections [2]. The expanding path performs

localization, segmentation, and increases the output resolution. The model uses truncated

Gaussian distribution centered around zero as the kernel initializer. Strides of 2 for max
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Table 3.2: U-Net Architecture without Dropout Layers

Layer Name No.of Stacks
Input Layer : 256 X 256 X 1 dimensional input

Encoder

2D Convolutional Layer
2D Convolutional Layer

Max Pooling Layer
X 4

2D Convolutional Layer X 2

Decoder

2D Transposed Convolutional Layer
Concatenate Downsampling Path

2D Convolutional Layer
2D Convolutional Layer

X 5

Output Layer : 256 X 256 X 3 dimensional output

pooling operations is another parameter that is kept constant throughout the experiments

(Table 3.5). There are 18 convolution layers, nine on the contracting path, and nine on the

expanding path.

U-Net without Dropout Layers

The second architecture trained to automate segmentation of CMR images is summa-

rized in Table 3.2. The model is a variation to the �rst architecture and uses no dropout

layers. The hyperparameters used in the experiments are listed in Table 3.5. Our exper-

iment results demonstrate that the U-Net models with and without dropout layers, both

achieve expert-level performance, implying that our U-Net models do not su�er from severe

over�tting.

Residual U-Net

Inspired by the ResUNet [3], the third DL model uses a series of residual blocks with

skip connections, where each residual unit employs identity mapping [62]. The network

architecture is demonstrated in Table 3.3. It follows the U-Net [2] encoder-decoder paradigm

as an encoder, a bridge, and a decoder forming the major components of the network.

The model employs padded 3� 3 convolutional �lters to increase image depth and batch

normalization to smooth the objective function (Equation 3.1). Since batch normalization
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Table 3.3: Residual U-Net with Encoder, Bridge and Decoder blocks

Layer Name No.of Stacks
Input Layer : 256 X 256 X 1 dimensional input

Encoder
2D Convolutional Layer X 1

Batch Normalization
Activation Layer

2D Convolutional Layer
Addition - Input from previous stack to next stack

X 5

Bridge

Batch Normalization
Activation Layer

2D Convolutional Layer
Addition - Input from previous stack to next stack

X 1

Decoder

2D Transposed Convolutional Layer
Concatenate from Encoder Path

Batch Normalization
Activation Layer

2D Convolutional Layer
Batch Normalization

Activation Layer
2D Convolutional Layer

Addition - Input from previous stack to next stack

X 3

2D Convolutional Layer
Activation Layer

Output Layer : 256 X 256 X 3 dimensional output

may induce a severe gradient explosion during parameter initialization, skip connections

in residual networks [63] are employed to alleviate this problem. Instead of using dropout

layers to avoid over�tting like the previous models, this model has taken care of the over-

�tting problem with batch normalization due to its regularization property. The size of the

initial �lter is 16, and the number of �lters are doubled in the encoder at each subsequent

convolutional layers. In the decoder network, transposed 2D convolutions perform image

upsampling operations and a 1� 1 convolution as the output layer generates the desired

256� 256� 3 dimensional segmentation masks [62].

Fully Convolutional Network

The VGG-16 [1] network forms the backbone architecture of the fourth model (Table

3.4), with modi�cations to suit our task of semantic segmentation. Each block in the model

uses a 50% dropout layer sandwiched between padded 2D convolutions. With the initial
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Table 3.4: Fully Convolutional Network (FCN) Architecture

Input Layer No. of Stacks
Input Layer : 256 X 256 X 1 dimensional input

Convolutional and Pooling Layers

2D Convolutional Layer
50% Dropout
2D Convolutional Layer
Max Pooling

X 5

Upsample and Concatenate
Output Layer : 256 X 256 X 3 dimensional output

number of �lters chosen to be 32, we double the kernels in every subsequent blocks. Each

convolutional layer extracts image features and uses strides of 2 instead of 1. Sigmoid as

the output activation function is computed instead of softmax probabilities. In our model,

the absence of dense layers reduces the number of trainable parameters and the training

time. Feature maps learnt at di�erent scales are upsampled to the original resolution using

transposed 2D convolutional layer, with strides of 2 and padding \same" (Table 3.5).

3.2 Results

In this section, we describe the training of deep learning models, and quantitatively

assess and compare their performance. All source code for the proposed pipeline and DL

models can be obtained from the author's repository athttps://github.com/szs0210/

CMR-Segmentation.

3.2.1 Training

Under the maximum likelihood estimator (MLE), the model training follows data aug-

mentation, objective function optimization, and tuning the hyperparameters. We randomly

split 1,344 subjects into training, validation, and testing sets with 8:1:1 holdout techniques

to validate and compare four DL models. Quality control measures are taken to ensure the

randomization of subjects with various health status (e.g. hypertension, mitral regurgita-

tion, and myocardial infarction) in each of the three sets. Then the augmentation pipeline,

as described in Section 3.1.2, is performed on-the-
y before images are fed as inputs into the
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Figure 3.3: Training of the Deep Learning Models of LV and RV cardiac MRI.

DL models. The deep learning models learn to map the cardiac MR images to their corre-

sponding masks from the training data. The number of trainable �lter weights are in the

order of 106, reducing the segmentation problem to an optimization one. The best statistical

estimate of these parameters is learnt using an optimizer, thereby requiring a suitable loss

function. Minimizing the loss function implies minimizing the error between predicted and

target ground truth distributions. Figure 3.3 demonstrates the training and testing pipeline.

Various loss functions have been explored to achieve impressive semantic segmentation

performance. In a multi-class context, Novikov et al. (2017) [64] showed that the segmen-

tation performance can be improved with binary cross-entropy (BCE) loss, which can be

mathematically formulated as:
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BCE (p;p̂) = � (p log (p̂) + (1 � p) log (1 � p̂)) (3.1)

For a CMR imageX , let Y and Ŷ be the ground truth contours and predicted masks

respectively. ThenP(Y = 0) = p and P(Y = 1) = 1 � p de�ne the ground truth masks.

Pixel values of the predictionŶ are computed using the sigmoid activation function:

P(Ŷ = 0) =
1

1 + e� x
= p̂ (3.2)

P(Ŷ = 1) = 1 �
1

1 + e� x
= 1 � p̂ (3.3)

We optimize the binary cross-entropy loss using Adam optimizer [65] at a momentum of

0:00001. To have a good generalization performance, we use early stopping if the validation

loss does not improve for 20 epochs.

Table 3.5 reports the hyperparameter values used to train, evaluate, and test the network

architectures to achieve expert-level segmentation. Since the background of the short-axis

image is dark, maximum pixel values are required to be selected. Max pooling operation o�ers

abstract representation and generalization of input, ensuring selection of brighter pixels.

The input matrices are padded by zeros which facilitate accurate image analysis. With 50%

dropout level, the models can learn more robust features. Considering the instability of

gradients and slow learning caused by poor initialization, we choose the truncated Gaussian

distribution as the kernel initializer to circumvent this problem.
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Table 3.5: Hyperparameters and their values that are kept constant during training of the
four deep learning models

Model Hyperparameters Value
Kernel Size

(height and width of 2D Convolutional Window)
3 X 3

Strides (Maxpooling) 2 X 2
Padding "same"

Dropout Level 50%
Kernel Initializer Truncated Gaussian Distribution

Activation Function ReLU
Activation Function (Output Layer) Sigmoid

Learning Rate 0.00001

Table 3.6: The number of trainable parameters and respective time taken to train the models
are reported

Cardiac MRI (LV)

Model No. of Parameters Training Time

U-Net with Dropout Layers 8,480,439
1310 minutes

� 21.83 hours

U-Net without Dropout Layers 8,480,439
986 minutes

� 16.43 hours

ResUNet 4,715,507
670 minutes

� 11.17 hours

FCN 7,564,259
843 minutes

� 14.05 hours

Cardiac MRI (RV)

Model No. of Parameters Training Time

U-Net with Dropout Layers 8,480,439
187.03 minutes

� 3.12 hours

U-Net without Dropout Layers 8,480,439
180.83 minutes

� 3.01 hours

ResUNet 298,607
233.57 minutes

� 3.89 hours

FCN 7,743,459
204.17 minutes

� 3.04 hours
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During training of the left ventricle MR models, the U-Net inspired architectures train

8,480,739 trainable �lter weights and take the longest training time. The Residual U-Net

learns robust features with a smaller network and takes the shortest time to train. A similar

observation is made while training deep learning architectures for right ventricle segmenta-

tion. Table 3.6 summarizes the number of trainable �lter weights and the training times for

the respective DL models. For the batch size, extensive experiments have been conducted

with batch sizes to be 2, 4, 8, 16, 32, and 64, and it turns out 4 is the optimal choice.

Therefore, a batch size of 4 and 200 iterations are kept constant for all the training and

experiments conducted in this work. The DL models are trained in Tensor
ow 2.1.0 and

take approximately 11 to 22 hours on Nvidia GeForce RTX 2080 Ti GPU.

3.2.2 Quantitative Assessment

To quantitatively assess the segmentation performance of di�erent DL architectures, we

compute and report �ve commonly used metrics including the Dice Coe�cient, Intersection

over Union (IoU) or Jaccard Index, Pixel Accuracy, Precision, and Recall. All metrics, as in

equations (3.4)-(3.8), range from 0 to 1, the higher the better. While pixel accuracy can serve

as an evaluation metric, a higher accuracy does not necessarily imply a better segmentation

ability of the model. The same for precision and recall. Also, our data su�ers from class

imbalance. Therefore, we prefer to use the Dice Coe�cient and IoU as the evaluation metrics

to assess the segmentation performance.

Dice Coe�cient =
2TP

2TP + FP + FN
(3.4)

IoU =
TP

TP + FP + FN
(3.5)
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Accuracy =
TP + TN

TP + TN + FP + FN
(3.6)

Precision =
TP

TP + FP
(3.7)

Recall =
TP

TP + FN
(3.8)

where TP, TN, FP, and FN stand for the number of true positives, true negatives, false

positives, and false negatives, respectively.

3.2.3 Experimental Evaluation

We randomly draw CMR image samples of 2000, 5000, and 10; 000 from the SCCOR

training set. Each of the four DL models is trained on the Right and Left Ventricle data

samples, respectively. Table 3.7 and 3.8 summarizes the Dice Score, IoU and Pixel Accuracy

for each case. In general, data augmentation and a large training dataset improve the

performance of deep learning models. In case of a LV dataset, when trained on a larger

augmented dataset, FCN shows a signi�cant improvement with the IoU increasing by 6:48%.

However, this observation might not always hold true. For instance, the ResUNet performs

better without augmentation when the size of the training set is increased from 2000 to

10,000.

The RV dataset su�ers from the problem of class imbalance. The foreground pixels

are signi�cantly lower than the background pixels, thereby leading to an increase in false

positives. This e�ect can be observed in the IOU metric scores. Although the models are

trained on datasets of varying size, no improvement in IOU scores is observed. However, high

dice and accuracy score values are obtained irrespective of the deep learning architecture it

was trained on.
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Table 3.7: Performance evaluation of the models on Left Ventricle (LV) data : U-Net with
50% dropout, U-Net without dropout layers, Residual U-Net (ResUNet) and Fully Convo-
lutional Network (FCN); over evaluation metrics Dice Similarity Score (Dice), Intersection
over Union (IoU) and Pixel Accuracy for di�erent dataset size

UNet with Dropout Layers UNet without Dropout Layers
Dataset Size Dice IoU Accuracy Dice IoU Accuracy

2000 0.9946 0.9892 0.9964 0.9964 0.9928 0.9972
5000 0.9972 0.9944 0.9978 0.9979 0.9959 0.9979

10000 0.9975 0.9950 0.9978 0.9981 0.9962 0.9980
ResUNet FCN

Dataset Size Dice IoU Accuracy Dice IoU Accuracy
2000 0.9970 0.9940 0.9974 0.9867 0.9738 0.9916
5000 0.9979 0.9958 0.9979 0.9969 0.9938 0.9977

10000 0.9982 0.9965 0.9981 0.9969 0.9937 0.9977

Table 3.8: Performance evaluation of the models on Right Ventricle (RV) data : U-Net with
50% dropout, U-Net without dropout layers, Residual U-Net (ResUNet) and Fully Convo-
lutional Network (FCN); over evaluation metrics Dice Similarity Score (Dice), Intersection
over Union (IoU) and Pixel Accuracy for di�erent dataset size

UNet with Dropout Layers UNet without Dropout Layers
Dataset Size Dice IoU Accuracy Dice IoU Accuracy

2000 0.9219 0.6607 0.9915 0.9977 0.7069 0.9912
5000 0.9977 0.7062 0.9913 0.9975 0.7046 0.9916

10000 0.9978 0.7057 0.9916 0.9977 0.7086 0.9915
ResUNet FCN

Dataset Size Dice IoU Accuracy Dice IoU Accuracy
2000 0.9978 0.7031 0.9922 0.9976 0.7054 0.9911
5000 0.9977 0.7051 0.9912 0.9978 0.7070 0.9917

10000 0.9977 0.7095 0.9912 0.9976 0.7066 0.9911

Figure 3.4 visualizes the quantitative assessment metric scores - Dice and IoU for all

models trained on datasets of varying sizes. Overall, the models perform better with more

training data. The U-Net architecture demonstrates signi�cantly better performance re-

gardless of the size of the data, especially for small datasets containing approximately 20

to 50 CMR images. ResUNet also achieves good performance with dice score of 0:8 and

above, even for small datasets. Figure 3.5 also shows the corresponding trend observed in

binary cross-entropy for training data of di�erent sizes. The U-Net without dropout layers

demonstrates a consistently low binary cross-entropy loss compared to the other models.

Overal, Figures 3.4 and 3.5 demonstrate that a larger training data can yield an impressive
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performance for DL models. Backed up by a huge dataset and on-the-
y augmentation, our

models are able to achieve expert level segmentation.

Figure 3.4: Performance evaluation of the models U-Net with 50% dropout, U-Net without
dropout layers, Residual U-Net (ResUNet) and Fully Con-volutional Network (FCN); over
evaluation metrics Dice Similarity Score and Intersection over Union (IoU) for di�erent
dataset size.

Figure 3.5: Binary Cross-Entropy loss for the models: U-Net with 50% dropout, U-Net
without dropout layers, Residual U-Net (ResUNet) and Fully Convolutional Network (FCN).
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Table 3.9: The Dice Similarity Score (Dice), Intersection over Union (IoU), Accuracy, Pre-
cision and Recall between automated and manually segmentation results of short-axis CMR
images (LV). We report the model performance on 10% holdout test set of SCCOR dataset
and the HELIX dataset with 8; 502 images

SCCOR: 10,019 test images
Model Dice IoU Acc Precision Recall

U-Net with Dropout Layers
U-Net without Dropout Layers

ResUNet
FCN

0.9981
0.9986
0.9990
0.9974

0.9962
0.9972
0.9976
0.9947

0.9981
0.9982
0.9983
0.9979

0.9985
0.9988
0.9989
0.9982

0.9985
0.9988
0.9989
0.9981

HELIX: 8,502 test images
Model Dice IoU Accuracy Precision Recall

U-Net with Dropout Layers
U-Net without Dropout Layers

ResUNet
FCN

0.9963
0.9957
0.9958
0.9955

0.9926
0.9914
0.9917
0.9910

0.9969
0.9964
0.9964
0.9966

0.9971
0.9957
0.9959
0.9961

0.9970
0.9957
0.9959
0.9961

Table 3.10: The Dice Similarity Score (Dice), Intersection over Union (IoU), Accuracy,
Precision and Recall between automated and manually segmentation results of short-axis
CMR images (RV). We report the model performance on 10% holdout test set of SCCOR
dataset and the HELIX dataset with 1; 145 images

SCCOR: 10,019 test images

Model Dice IoU Acc Precision Recall

U-Net with Dropout Layers

U-Net without Dropout Layers

ResUNet

FCN

0.9977

0.9977

0.9977

0.9977

0.7055

0.7086

0.7096

0.7068

0.9912

0.9915

0.9913

0.9915

1.0000

0.5000

0.6224

1.0000

0.9913

0.9918

0.9914

0.9916

HELIX: 1,145 test images

Model Dice IoU Accuracy Precision Recall

U-Net with Dropout Layers

U-Net without Dropout Layers

ResUNet

FCN

0.9972

0.9977

0.9977

0.9977

0.7098

0.7085

0.7096

0.7067

0.9913

0.9913

0.9913

0.9913

0.5000

0.5000

0.6221

1.0000

0.9914

0.9914

0.9914

0.9914

Tables 3.9 and 3.10 records the Dice, IOU, accuracy, precision and recall values of the

four deep learning architectures trained on LV and RV datasets, respectively. The models

were trained on SCCOR dataset and tested on 10% SCCOR held out as test set and the
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HELIX dataset. From Table 3.9, it can be inferred that Residual UNet observes highest

values across all metric scores when tested on the SCCOR dataset. However, these values

are extremely close to each other and any of the four architectures can be used to obtain

accurate segmentation masks. A similar observation is made when the models are tested on

the HELIX dataset. Since the HELIX dataset was only used during the testing phase, high

metric scores shows that our models are robust and o�er good generalization. In this case,

U-Net model with 50% Dropout Layers show highest performance measures.

Similar experiments were conducted for right ventricle cardiac MR images. Fully Con-

volutional Neural Network obtained highest metric scores across all the models trained.

SCCOR test set not only performed well on FCN but also U-Net architecture with Dropout

Layers. Unlike Residual U-Net and U-Net, FCN observed high precision scores for both

SCCOR and Helix dataset.

3.3 Conclusion

In this paper, we propose an end-to-end analytical pipeline with multiple stages for

automated short-axis CMR segmentation. Compared with the manual delineation and semi-

automated segmentation, our automated segmentation includes zero human intervention,

which greatly reliefs the workload of clinicians and avoids the subject error. The automated

process is driven by DL models, and we analyze four models: two variations of the U-Net,

a ResUNet, and FCN architectures. Our models are then tested on two separate data SC-

COR and HELIX and shows expert-level performance with the dice score reaching 0:9990

and 0:9977 for LV and RV segmentation respectively, which is one of the highest scores, as

documented in various previous works. We also overcome the limitation of the unavailabil-

ity of a heterogeneous dataset. Our models are trained on a dataset with subjects falling

into categories of normal, hypertension, mild to moderate and severe mitral regurgitation,

and myocardial infarction with and without diabetes. We expect our models to serve as

good source models and lay a good foundation for problems similar to automated semantic
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segmentation of CMR images. This would bene�t the biomedical research, and signi�cantly

facilitate the use of DL techniques in biomedical image analysis.

3.3.1 Limitations

Although our models o�er generalization abilities and were trained on a large dataset,

we observe certain limitations. These limitations can be noted down as follows:

1. The SCCOR and HELIX datasets were obtained from a single type of MRI machine

(3T). Although the dataset is large, we fail to obtain high scores on cardiac images

obtained on a di�erent MRI machine.

2. The models have been tested on other publicly available datasets. These tests have

failed to achieve high metric scores.

3. The dataset used in our experiments is not publicly available. However, the model ar-

chitecture and corresponding weights are available and can facilitate transfer learning.
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Chapter 4

Time-frequency Analysis of Scalp EEG with Hilbert-Huang Transform and Deep Learning

4.1 Scalp EEG Data Description

In this section, we introduce two scalp EEG datasets: study 1 that is used to benchmark

our data-driven approach and study 2 that is used to validate the proposed method.

4.1.1 Study 1

18 (9 females, 9 males) undergraduate students were invited to participate in this study* .

EEG was recorded using the BrainVision wireless ActiCap 64-channel scalp EEG recording

system (Brain Products GmbH, Germany), with impedances kept below 25 k
. Sampling

rate was set to 500 Hz, and the reference site was FCz. Signals were then wirelessly trans-

mitted via the MOVE module (Brain Products). A 1-30 Hz bandpass �lter was applied to

the EEG signals, and anomaly electrodes showing excessive voltages were removed and inter-

polated. Independent component analysis [66] was used to ameliorate eye-blink and muscle

artifacts from the EEG dataset. The EEG signals were epoched with the start of epochs

aligned to the auditory cues (see Figure 4.1(c)), and the end of epochs aligned to the start of

the subsequent auditory cues. More details of experimental design and data preprocessing

can be found in [67].

All participants �rst underwent placement of scalp EEG recording electrodes and assays

of recording quality by the experimenter. When EEG was recorded, participants completed

four tasks sequentially. In task 1, they kept their eyes open and switched between walking

and standing still for 30 seconds each. In task 2, they kept their eyes closed and switched

* Written informed consent was obtained before the experiment, and the methods were approved by the
ethical review board at University of California, Davis.
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(a) (b) (c)

Figure 4.1: (a) Front and back of the wireless EEG recording system coupled with an
immersive virtual reality and an omnidirectional treadmill. (b) A snapshot of the virtual
environment used in the study. (c) Behavioral tasks performed by participants while they
underwent scalp EEG recordings. Participants switched between one behavioral state to the
other (e.g., in task 1, switching between moving and standing-still), while keeping a constant
action (e.g., in task 1, keeping eyes open all along).

between walking and standing still for 30 seconds each. In task 3, they alternated between

eyes-opened and eyes-closed for 5 seconds each while walking constantly. In task 4, they

alternated between eyes-opened and eyes-closed for 5 seconds each while standing still (see

Figure 4.1(c)). For subjects 1-5, each trial in task 3 and 4 last 30 seconds. The number of

trials each individual conducted in the four tasks are summarized in Table 4.1.

4.1.2 Study 2

We tested 19 adults (7 females, 12 males) from the University of Arizona community* .

Participants were placed in an immersive virtual reality, and completed a spatial distance

monitoring task. In the spatial distance task, participants monitored two possible distances:

a short (100 meters) or a long (200 meters) distances. EEG data were recorded and the

periods (5.656 seconds long) when participants were monitoring the distances were epoched.

Each participant completed 24 repetitions for monitoring each distance, summing up to a

total of 48 trials in the spatial distance task.

* Written informed consent was obtained in accordance with the Institutional Review Board at the Uni-
versity of Arizona.
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Table 4.1: Number of trials in two scalp EEG studies

Study 1 (16 Subjects)
Subject 1 2 3 4 5 6 7 8
Task 1 17 17 18 14 16 8 9 8
Task 2 17 16 16 16 16 9 8 11
Task 3 17 16 16 14 16 44 3 33
Task 4 17 17 15 13 16 38 35 27
Subject 9 10 11 12 13 14 15 16
Task 1 8 16 16 17 16 18 8 16
Task 2 8 12 14 12 16 16 12 16
Task 3 46 69 72 94 47 44 77 64
Task 4 25 36 32 42 24 35 37 31

Study 2 (19 Subjects)
Each subject conducted 48 trials in the teleportation task

The continuous EEG was recorded with a 64-channel BrainVision ActiCAP system,

which included a wireless transmission MOVE module, and two BrainAmp ampli�ers (Brain-

Vision LLC, Morrisville, NC). The reference electrode was FCz. A 1-50 Hz bandpass �ltered

was applied to the continuous data. Artifact subspace reconstruction (ASR) was then applied

for artifact amelioration. Independent component analysis and an automatic component se-

lection procedure, ICLabel [68] were used to correct eye/muscle artifacts. For more details

in experimental design and data preprocessing, please see [69].

4.1.3 EEG Notation

For the illustration purpose, we take the EEG recording of one participant conducting

task 1 in study 1 as an example. Denote the scalp EEG signal recorded from thej th electrode

channel during the kth trial as xk
j (t). For task 1, the length of the signal is around 30

seconds and the label ofxk
j (t) is binary (i.e., walking or standing still). Our process unit is

xk
j (t); j = 1; : : : ; 64; k = 1; : : : ; K in the following sections. The number of trialsK varies

among individuals and tasks, which are summarized in Table 4.1. We will implement the

following process on eachxk
j (t) for all j and k. To avoid any confusion caused by more

subscripts, we will simply usex(t) to denote xk
j (t) for the purpose of illustration.
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Figure 4.2: Block diagram of the propose method.

4.2 Our Approach

For high dimensional non-linear and non-stationary EEG signals, our goal is to identify

the hidden modes of oscillations, and further capture their time-resolved frequency shifts

and amplitude spectra in novel feature sets. The process can be carried out in the following

steps:

ˆ Step 1. Decompose the EEG signal into a set of sub-signals that represent di�erent

modes of oscillations and obtain the time-frequency representation of each sub-signal.

ˆ Step 2. Compute the subject-speci�c frequency bands for each brain oscillation.

ˆ Step 3. Construct novel feature sets to capture the frequency and power shifts of

sub-signals.

ˆ Step 4. Draw statistical inference and construct classi�cation models with the proposed

feature sets.

By merging the last two steps, we also leverage deep learning architectures to automate

the feature engineering process and classify EEG signals.

4.2.1 Hilbert-Huang Transform

To explore the hidden modes of oscillations of EEG signals and further monitor their

temporal dynamics, we employ the Hilbert-Huang Transform (HHT) [70]. Di�erent from
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Figure 4.3: Outputs of Empirical Mode Decomposition of the EEG signal (top): 8 IMFs
and the residue. We show the �rst �ve IMFs as the rests are oscillations in lower frequency
range.

other methods (e.g. wavelet-based transform, fourier transform) that require a set of prede-

�ned basis, HHT is a data-driven decomposition method that derives a complete and adaptive

basis, from which we can identify the oscillation modes. Speci�cally, HHT is composed of

two major steps, Empirical Mode Decomposition (EMD) and Hilbert spectral analysis.

Empirical Mode Decomposition (EMD)

EMD is a purely data-driven method that decomposes a signalx(t) into a set of sub-

signals with signi�cantly di�erent modes of oscillations. The sub-signalci (t) is de�ned as

the Intrinsic Mode Function (IMF) if it satis�es the following two conditions [70]:

ˆ Condition 1. The di�erence between the number of extrema and the number of zero

crossings must either be zero or at most one.
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ˆ Condition 2. The mean value of the two envelopes, de�ned by connecting the local

maxima and minima using cubic spline respectively, must be zero at any time point.

The set of IMFs f ci (t); i = 1; : : : ; ng constitutes a complete, adaptive and nearly or-

thogonal basis for the original signal [70]. The IMFs can be obtained through an iterative

sifting process as summarized in Algorithm 1. With EMD, the decomposition of the EEG

signal can be written as the sum of all IMFs and a residue that is a trend or a constant.

x(t) =
nX

i =1

ci (t) + rn (t): (4.1)

Algorithm 1: Hilbert-Huang Transform
input : signal x(t)
output : IMF f ci (t)g, instantaneous frequencyf ! i (t)g, instantaneous

amplitude f ai (t)g
1 r0(t) = x(t)
2 foreach i = 1; 2; � � � do
3 Identify all local maxima and minima ofx(t);
4 Form the upper envelopxU (t) and the lower envelopexL (t) by connecting all

local extrema with spline respectively;
5 Compute m(t) = ( xU (t) + xL (t))=2.;
6 Obtain the IMF-proto h(t) = x(t) � m(t).;
7 if h(t) satis�es the stoppage criterionthen
8 ci (t) = h(t);
9 r i (t) = r i � 1(t) � ci (t);

10 x(t) = r i (t);
11 else
12 x(t) = h(t);
13 end
14 end
15 Stop the sifting process whenrn (t) is either a monotonic function or a function

with only one extrema. Then,x(t) =
P n

i =1 ci (t) + rn (t).
16 foreach i = 1; 2; : : : n do
17 Compute Hilbert Transform of ci (t), H (ci (t)) = 1

� P
R1

�1
ci (� )
t � � d� ;

18 Compute ai (t) = ( ci (t)2 + H (ci (t))2)1=2;
19 Compute ! i (t) = d� (t)=dt, where� (t) = tan � 1(H (ci (t))=ci (t));
20 end
21 x(t) =

P n
i =1 Ref ai (t)exp(i

R
! i (t)dt)g + rn (t)

35



Figure 4.3 illustrates the decomposed IMFs using an EEG signalxk
j (t). The sifting

process automatically achieves the trend removal, and the obtained IMFs have zero reference

levels, which is a necessary condition to ensure the instantaneous frequency computed from

Hilbert transform is physically meaningful.

Hilbert Spectral Analysis

Hilbert transform (HT) is a linear operator that takes a signalx(t) and produces its

harmonic conjugatey(t), that is

y(t) =
1
�

P
Z 1

�1

x(� )
t � �

d� ; (4.2)

whereP is the Cauchy principle value. With HT, we can derive the analytic representation of

x(t) as Equation (4.3), wherei is the imaginary unit, and further calculate the instantaneous

amplitude a(t) as Equation (4.4) and instantaneous frequency! (t) as Equation (4.5) in order

to timely monitor its frequency shifts and amplitude changes.

z(t) = x(t) + iy (t) = a(t)ei� (t ) ; (4.3)

a(t) = ( x(t)2 + y(t)2)1=2; (4.4)

� (t) = tan � 1 y(t)
x(t)

; ! (t) =
d� (t)

dt
; (4.5)

Therefore, the original signalx(t) can be represented in a time-frequency-amplitude (or

energy, the square of amplitude) representation. However, HT requires the signal to have

a zero reference level [70]. For signals riding on a nonzero reference, the instantaneous

frequency might have negative values that cannot be interpreted.

HHT breaks the limitation of HT by applying HT on the sub-signalsci (t) instead of the

original signal x(t) becauseci (t)s have zero reference levels. With HT, we can obtain the
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Figure 4.4: Hilbert Spectrum of IMF1 from an example EEG signal. In the 10-second signal,
the human participant keeps eyes closed during 1-5 seconds, and keeps eyes open during 5-
10 seconds. The color represents the instantaneous amplitude (IA), Y-axis represents the
estimates of the instantaneous frequencies, and X-axis is the time.

instantaneous frequency! i (t) and instantaneous amplitudeai (t) for each ci (t). Therefore,

the original signalx(t) can be expressed as

x(t) =
nX

i =1

Ref ai (t)exp(i
Z

! i (t)dt)g; (4.6)

where Re denotes the real part of a complex number and the residuern (t) is left out.

Importantly, the frequency and amplitude obtained from HHT are both functions of time,

which are di�erent from Fourier transform with constant frequency and amplitude as in

Equation (4.7).

x(t) = Ref
1X

i =1

ai ei! i tg: (4.7)
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Figure 4.5: Empirical distribution of the instantaneous frequency (IF) of IMF 1-4. The EEG
signal is from channel 2 during the �rst epoch while the participant is conducting task 1 (i.e.,
x1

2(t)). For each IMF, the sample mean is indicated by the dashed line and the interval of�
one standard deviation from the mean is marked by the solid lines.

To some extent, HHT represents a generalized Fourier transform, lifting the restriction

of constant frequency and amplitude. With variable frequency and amplitude, HHT is ca-

pable of explaining the non-stationarity of the signal more e�ciently. Figure 4.4 and S1

visualize the time-frequency-amplitude representation (also known as Hilbert-Huang spec-

trum or Hilbert spectrum) of the IMF 1 (i.e. c1(t)), with the instantaneous frequency! 1(t)

against time t, colored by the instantaneous amplitudea1(t).

4.2.2 Subject-speci�c frequency bands for brain oscillations

As discussed before, there are individual di�erences in frequency bands [50] for brain

oscillations. Instead of using a prede�ned and �xed frequency bands for all subjects, we

propose to compute the personalized frequency bands for each individual.

Given x(t), we �rst decompose it into a set of IMFs, which are in descending order of

frequency. The instantaneous frequencies of the last several IMFs are mostly below 0.5 Hz.

In both scalp EEG datasets, the apriori research hypotheses focus on 1-30 Hz neural os-

cillations [67, 69]. Therefore, in the current study, we select the �rst four IMFs that show
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Figure 4.6: Data-driven frequency segmentation for 16 participants. Dashed lines indicates
the four canonical frequency bands. The colors indicate from which IMF the initial intervals
are computed, namely, IMF1 (red), IMF2 (green), IMF3 (blue), and IMF4 (purple).

frequencies above 1 Hz. It is worth noting that the number of IMFs to keep (i.e.,N ) depends

on the research questions and brain oscillations of interest.

For each of the �rst four IMFs, we �rst exam the distribution of their Instantaneous

Frequencies (IFs), as shown in Figure 4.5 with sample means indicated by dashed lines and

intervals (i.e., sample mean� one standard deviation) marked by solid lines. Each IMF

represents distinct modes of oscillations with varying frequency lying in di�erent bands.

The reason for choosing the intervals with one standard deviation is due to the fact that

the frequency bands for di�erent brain oscillations are non-overlapping. Then, we compute

the four �X � 1s intervals for signals recorded on the same individual, i.e., signals from all

channels, all trials and tasks. After averaging the intervals for each IMF, we obtain the initial

frequency bands. To make them non-overlapping, we average the upper/lower boundaries of

the consecutive intervals and use it as the frequency bands cut-o�. For the example subject,

our �nal segmentation is R1 = [14:1; 27:5]; R2 = [7:7; 14:1); R3 = [3:8; 7:7); R4 = [1:1; 3:8).

Figure 4.6 also summarizes the subject-speci�c frequency bands for all participants in study

1, with the canonical frequency bands (i.e., delta (1-4 Hz), theta (4-8 Hz), alpha (8-14 Hz),

and beta (14-30 Hz)) [37,39,40] marked in dashed lines. It is clear that the subject-speci�c
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frequency bands vary by individuals due to the di�erences in their neural responses, but they

also match the canonical frequency bands closely.

4.2.3 Feature Engineering: Creating Novel Feature Sets

As revealed by the Hilbert spectrum in Figure 4.4, the overall frequencies shift down to

a lower frequency range and the overall amplitudes increase when the participant switched

from eyes closed to open. The goal of feature engineering is to capture the subtle di�erences

in the Hilbert spectrum of IMFs so as to accurately classify EEG signals.

Moreover, when measuring the power of certain brain wave, the common way is to

sample several frequencies in its corresponding frequency bands, then compute the PSD

of the sampled frequencies, and use all of them to quantify the power of the brain wave.

However, information loss might occur if the sampled frequencies deviate from the intrinsic

frequencies of the oscillatory modes. Therefore, the metrics are also designed to identify the

IMF that can be representative for certain brain oscillation and o�er a simple measure to

quantify the power of the brain wave.

Frequency Ratio (FR)

Denoting the subject-speci�c frequency bands asRs; s = 1; : : : ; S. Given one IMF

ci (t); i = 1; : : : ; N , we record the total amount of time when its IFs! i (t) lie within each

frequency bandsRs. To make it comparable between signals with di�erent length, we scale

it by the length of the signal T as following.

f r i;s = f (
jf tj! i (t) 2 Rsgj

T
); i = 1; : : : ; N; s = 1; : : : ; Sg: (4.8)

In our case,S = 4 because we are interested in four brainwaves (i.e., delta, theta, alpha, and

beta oscillations), andN = 4 because the rest IMFs are oscillations below 0.5 Hz. The vector
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FR i = ( f r i; 1; : : : ; f r i; 4) represents the portfolio of the four oscillation modes for thei th IMF.

With FR i , the shifts of the portfolio for the sub-signal can be captured. Moreover,FR i is also

be used to identify the IMF that can serve as a representative for certain brain oscillation.

Depending on the largestf r i;s in FR i , the i th IMF can be representative for the brain oscil-

lation whose frequency band is close toRs. For instance,FR1 = (76:1%; 12:3%; 3:0%; 0:1%)

implies that the 1st IMF can be representative for beta oscillation.

Averaged Amplitude (AA)

If we write the instantaneous amplitude as a function of frequency and timeH (!; t ),

the marginal Hilbert spectrum h(! ) is de�ned as

h(! ) =
Z T

0
H (!; t )dt;

where T is the length of the signal [70].h(! ) provides an alternative spectrum expression

to the Fourier spectrum, representing the accumulated amplitude (or energy) over the entire

time and measuring the total amplitude contributed by each frequency. Nonetheless, the

marginal spectrum is not comparable for signals with varying length, and is for a speci�c

frequency instead of a frequency band. Therefore, we propose the following metric for the

i th IMF:

aai;s = f m(f H (! i ; t)j! i (t) 2 Rsg);

i = 1; : : : ; N; s = 1; : : : ; Sg
(4.9)

where m(�) denote the arithmetic mean. The vectorAA i = ( aai; 1; : : : ; aai; 4) represents the

averaged amplitude over the time period when the IFs fall in each of the four frequency

band Rs; s = 1; : : : ; 4. AA i serves as a simple but e�ective metric for measuring the power of

di�erent modes of oscillations. In addition,aai;s can be used to quantify the power of brain
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oscillations. For instance, if IMF1 is used to represent the beta wave as indicated byFR1,

then aa1;1 measures the power of the beta wave.

Compared with the conventional approach that requires sampling frequencies and com-

puting the power (or the marginal spectrum) of each sampled frequency respectively, the

proposed metrics (FR and AA) avoid the problem of sampling frequencies and quantifying

the power of brainwaves using multiple measures. Moreover, the metrics can greatly reduce

the dimension of the Hilbert spectrum of IMFs.

4.2.4 Classi�cation

To test the e�ectiveness of the proposed metrics in Section 4.2.3, we use them as features

to construct classi�ers. In study 1, participants are asked to carry out four di�erent tasks.

For each task, they switch either body movements or eye movements. In study 2, participants

only conduct the spatial teleportation task to identify short vs long distance. Therefore, �ve

binary classi�ers are constructed for each task in study 1 and 2, respectively.

Given the signal x(t), the feature vector (FR i ; AA i ) can be extracted for each IMF.

Considering the brainwaves we are interested, the feature vectors of the �rst four IMF are

kept. For signals recorded from each of the 64 channels during one trial, we repeat the

process and extract the proposed feature sets, which gives 64x32 number of features in total.

Considering the limited number of trials compared to the high dimensional features, we

employ random forest (RF) to construct the classi�er. As an ensemble learning method,

RF applies the bagging technique to construct a multitude of decision trees, which reduces

the variance at the cost of a small increase in the bias. Di�erent from bagging, RF selects

a random subset of features at each split to reduce the correlation between trees in the

bootstrap sample, which also enables RF to handle high-dimensional feature space.

Instead of directly using the 64x32 dimension features in RF, we �rst rank the features

according to the Gini impurity which measures how much each feature decreases the impurity

in average. Then, we keep the top 50� 100 features in the RF, the exact number of features
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Figure 4.7: Deep Learning Framework demonstrating Wavelet and HHT transformed signals
served as input to the neural network architecture

to be kept is chosen according to the classi�cation accuracy. Other feature selection methods

such as Boruta can be employed as well. We then optimize the RF classi�ers using grid search

and cross validation. For both studies, we use 80% trials to train the model and the rest 20%

as testing set. Besides RF, we also employ support vector machine (SVM) and XGboost

to construct the classi�ers. It turns out that RF shows the highest classi�cation accuracy.

Moreover, we also extract the commonly used features in the literatures from HHT and

wavelet transform to build RF classi�ers and compare their performance with the one using

proposed metrics. The detailed results are summarized in the next section

4.2.5 Deep Learning

Recently, researchers start to leverage deep learning models analyzing EEG signals, and

neural network architectures have demonstrated the potential of EEG-based brain mapping

and classi�cation tasks. For example, research e�orts [71,72] used convolutional neural net-

work (CNN) to classify EEG motory signals; Tabaret al. [73] demonstrated the design and

training of CNN and stacked autoencoders to decode task related information from raw
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Table 4.2: Convolutional Neural Network Architecture with speci�cation for each layer

Layer (type) Speci�cations

2D Convolutional
�lters = 64 X 64

kernel size = (3, 3)
activation function = relu

Max Pooling 2D pool size = 2 X 2

2D Convolutional
�lters = 64 X 64

kernel size = (3, 3)
activation function = relu

Max Pooling 2D pool size = 2 X 2

2D Convolutional
�lters = 128 X 128
kernel size = (3, 3)

activation function = relu
Max Pooling 2D pool size = 2 X 2

Flatten -
Dropout Layer drop out level = 50%

Dense Layer
output space dimensionality = 1

activation function = sigmoid

EEG without handcrafted feature selection. In the BCI competition II, a deep learning clas-

si�er [74] with wavelet transformed time-frequency images as input achieved 90% accuracy.

Doseet al. [75] observed an accuracy of 80% using a convolutional network based architecture

with training conducted on over 100 subjects. Likewise, Vrbancic [76] used convolutional

neural networks on 13 subjects and observed an accuracy of 69%. Therefore, besides using

conventional machine learning models with engineered features, we leverage convolutional

neural network to construct the classi�ers.

Time-frequency representations of EEG signals are obtained via HHT and Morlet Wavelet

transformations, respectively. Figure 4.7 demonstrates the pipeline where these representa-

tions are fed into a convolutional neural network to obtain classi�cation outcomes. The

input to the deep learning model is a 4D array that carries power, frequency, and time as

single-precision 
oat values. A single unit dense layer with label 0 or label 1 serves as the

output. For example, label 0 in task 3 represents eyes-opened and 1 represents eyes-closed.

For the 4 tasks in study 1, two deep learning (DL) architectures with convolutional

layers (Table 4.2) and without convolutional layers (Table 4.3) are trained. The neural

network architecture with convolutional layers (Table 4.2) has three 2D convolutional layers
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Table 4.3: Sequential Neural Network model with Dense Layers and speci�cation for each
layer

Layer (type) Speci�cations
Flatten -

Dense Layer
output space dimensionality = 128

activation function = relu
Dropout Layer drop out level = 50%

Dense Layer
output space dimensionality = 128

activation function = relu
Dropout Layer drop out level = 50%

Dense Layer
output space dimensionality = 1

activation function = sigmoid

followed by max pooling layer. The number of �lters is increased from 64x64 to 128x128 as

we proceed from the fourth layer to �fth layer. The max pooling layer o�ers an abstract

representation of the features, thereby reducing over�tting.

For every participant, 9:1 train - test split is performed. The test dataset is later

employed to observe the performance of our trained models on a dataset it has never seen

before. During the training of DL architectures, the dataset is divided again as 8:2 train-

validation sets. Patience and epoch values are set to be 200 and 500, respectively. The

learning rate is kept constant at 0.001 throughout the training process. Binary cross-entropy

and categorical cross-entropy are used as loss functions to train the two deep learning models

(Table 4.2 and Table 4.3). The networks are optimized using Adam [65], a gradient based

optimization technique.

The models demonstrate high accuracy with binary cross-entropy as the loss function.

Since deep learning models are fueled by big data, unavailability of large dataset returned

multiple zero accuracy test values. By removing convolutional and max pooling layers from

the model (Table 4.3), an improvement in performance measures is observed (Table 4.8).

Three neural network architectures (Tables 4.2, 4.3 and 4.4) are trained on Study 2

dataset. And the DL architecture described in Table 4.4 yields highest accuracy values.

Strati�ed k-fold cross validation technique is employed for training the model. The value of

k is set to be 6. The choice of loss function, optimizer and other hyperparameters including
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Table 4.4: Sequential Neural Network Model (for Study 2) with Speci�cation for each layer

Layer (type) Speci�cations
Flatten -

Dense Layer
output space dimensionality = 64

activation function = tanh

Dense Layer
output space dimensionality = 64

activation function = tanh

Dense Layer
output space dimensionality = 1

activation function = sigmoid

learning rate values are kept the same as in study 1. The data is split into 6-parts where for

each epoch, the model is trained on 5 parts, the 6� th part is held out as a test set. The test

set is used to evaluate the performance of the model. The process is repeated 6 times and a

robust estimate on model performance is drawn by taking an average across all constructed

models. Since the method used is strati�ed, the validation technique attempts to balance

the instances belonging to each class (0 and 1) in the 6 splits of the dataset.

4.3 Results and Discussion

In this section, we present the classi�cation performance of models using di�erent sets

of features and di�erent models using the proposed metrics on Study 1 and 2, and discuss

the results in terms of classi�cation accuracy and interpretation.

4.3.1 Comparison of Scalp EEG Classi�cation

For both study 1 and study 2, the classi�ers are constructed for each subject respec-

tively. The classi�cation accuracy of all individuals is summarized as the mean and standard

deviation in the following tables. To show the e�ectiveness of the classi�cation, we compare

the results in terms of classi�cation methods, conventional and subject-speci�c frequency

band, and proposed metrics and other features.
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Table 4.5: Comparison of di�erent methods using the proposed metrics

SVM Random forest XGboost
Task 1 96.61 (5.01) 99.84 (0.65) 97.19 (4.35)
Task 2 91.57 (11.66) 99.67 (1.30) 92.38 (11.23)
Task 3 90.71 (10.10) 94.93 (6.17) 90.99 (10.56)
Task 4 94.14 (6.73) 98.72 (2.34) 91.66(9.62)

Study 2 85.63 (4.90) 96.1 (2.68) 86.53(4.21)

Table 4.6: Comparison of the classi�cation using the proposed metrics with �xed vs subject-
speci�c frequency bands for brain oscillations

Frequency bands Fixed Subject-speci�c
Task 1 98.95 (1.49) 99.84 (0.65)
Task 2 99.13 (1.45) 99.67 (1.30)
Task 3 94.47 (6.81) 94.93 (6.17)
Task 4 97.64 (3.61) 98.72 (2.34)

Study 2 95.7 (2.88) 96.1 (2.68)

Comparison of classi�cation methods

With the proposed metrics as features, we �rst test three machine learning methods

and report their performance in Table 4.5. Compared with SVM and XGboost, RF shows

the highest accuracy and lowest variation across subjects. Therefore, we employ RF to build

classi�ers in the following comparisons.

Comparison of conventional frequency bands and subject-speci�c frequency bands

We compute the proposed metrics using two frequency bands, the conventional frequency

bands and subject-speci�c frequency bands. The results are summarized in Table 4.6. Over-

all, using the subject-speci�c frequency bands can improve the classi�cation of EEG and

make the classi�er more robust across individuals.

Table 4.7: Commonly used features in HHT and wavelet

Feature set 1 [42,53] Feature set 2 [54] Feature set 3 [55{57]
HHT HHT Wavelet

Maximum value of each IMF Mean value of each IF Mean absolute value of each coe�cient
Minimum value of each IMF Interquartile range (IQR) of each IF Average power of each coe�cient

Mean absolute values of each IMF Mean absolute deviation of each IF Standard deviation of each coe�cient
Standard deviation of each IMF Standard deviation of each IF Mean value of each coe�cient

Coe�cient of variation of each IMF Mean energy of each IA Skewness of each coe�cient
Fluctuation index of each IMF Standard deviation of each IA Kurtosis of each coe�cient
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Table 4.8: Comparison of the classi�cation performance using di�erent feature sets

Methods Proposed Features Feature Set 1 Feature Set 2 Feature Set 3 PSD DL with HHT DL with Wavelet

Task 1 99.84 (0.65) 99.48 (1.56) 99.73 (1.05) 97.63 (5.18) 97.45 (4.08) 78.57 (24.74) 80.67 (23.79)

Task 2 99.67 (1.30) 93.27 (12.09) 95.22 (9.57) 94.81(9.28) 95.79 (4.28) 68.56 (22.04) 64.22(32.3)

Task 3 94.93 (6.17)) 91.78 (9.08) 92.40 (9.16) 93.21 (8.03) 89.87 (7.80) 80.1 (21.33) 72.98 (27.17)

Task 4 98.72 (2.34)) 93.76 (7.37) 95.48 (5.33) 95.21 (6.77) 92.27 (7.84) 82.37 (18.4) 91.76 (15.71)

Study 2 96.1 (2.68) 83.37 (4.34) 88.65 (4.28) 77.05(3.54) 84.0 (3.69) 90.53 (8.48) 90.53 (9.11)

Comparison of the proposed metrics and other features

To test the e�ectiveness of the proposed metrics, we compute four sets of features that

are commonly used in HHT and Wavelet transform. Three feature sets are summarized in

Table 4.7. They are statistical features of the IMFs [42,53], the IAs and IFs of the IMFs [54],

and coe�cients of wavelet [55{57]. To be consistent with the literature, we employ Discrete

Wavelet Transform (DWT) with Daubechies4 (db4) as mother wavelet function and the

number of decomposition levels to be 4. In addition, we compute another widely used

feature, the power spectral density (PSD) from wavelet transform. Here, we choose the PSD

of frequencies sampled in [67], where the authors sampled� 5 frequencies from pre-de�ned

frequency bands for each brain oscillation. The proposed feature sets are computed using

the subject-speci�c frequency bands.

Then, we use RF to construct the classi�er for each feature sets. All classi�ers are

optimized and 20% of the trials are used as testing for all four tasks in study 1 and study

2. The classi�cation performance for all subjects is summarized in Table 4.8. Overall, the

propose metrics with subject-speci�c frequency bands outperform the other four feature

sets and the classi�ers are more robust across individuals. The standard deviation of the

accuracies at subject level are the lowest for all �ve cases while the mean accuracies are the

highest.

The performance of DL models with HHT and wavelet as input is also reported in

Table 4.8. For study 1, the RF classi�ers with engineered features outperform the DL

models due to the unavailability of enough training data. For study 2, the DL models show
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comparable or even better performance compared with the RF classi�ers. However, the DL

model is not robust across subjects, showing the highest variation of performance for both

studies.

In summary, the proposed metrics can capture the essential feature of the Hilbert spec-

trum, and using the subject-speci�c frequency bands is also helpful for addressing the inter-

subject di�erences in the neural responses. The classi�ers with the proposed metrics show

the optimal classi�cation performance and the least variation across individuals. With more

trials available for training, the DL models are expected to show better performance.

4.3.2 Model Interpretation

Besides comparing the e�ectiveness of the proposed metrics in terms of classi�cation,

we show that the proposed metrics can also be used to indicate the connections between

behavior and neural activities.

FR and AA can serve as informative biomarkers

The data-driven metricsFR and AA are proposed to measure the dynamic frequency

components and power of brain oscillations. In addition to serving as features for building

classi�ers, they can be used as informative biomarkers for hypothesis testing in neuroscience

research. Here, we use task 3 and 4 in study 1 as an example to illustrate how the proposed

metrics support the Berger e�ect [77], one robust phenomenon in neuroscience stating that

closing eyes lead to salient increases of alpha oscillations over posterior scalp EEG electrodes.

The previous scalp EEG study [67] replicated this eyes-open alpha suppression using

Morlet wavelet-based power estimate procedure, which requires sampling frequencies in the

prede�ned frequency band to represent alpha oscillation. Here, we can easily replicate the

alpha power changes relevant to eyes-closure using the proposed metrics. As discussed before,

the four IMFs represent distinct modes of oscillations with frequency pro�les represented by
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(a) Distribution of IMF 2 power (b) P-value of the contrast (eyes open> eyes closed)

Figure 4.8: (a) Distribution of the power of alpha oscillations, computed from electrode CP6
during Task 3 (Dash lines indicate group means for eyes open (green) and closed (red)); (b)
shows the p-value of the hypothesis test (i.e., alpha oscillations are suppressed when eyes-
open) for task 3 (switching eyes-open and eyes-closed while moving) and task 4 (switching
eyes-open and eyes-closed while standing still). The color represents the FDR adjusted
p-values of the electrode-wise contrasts.

FR and AA. According to FR, IMF2 is identi�ed to serve as representative for alpha

oscillation, along with the correspondingaa2;2 measuring the power of alpha wave.

Figure 4.8 (a) shows the distributions of the power of alpha oscillation for CP6 electrode

channel, revealing a decrease in alpha power when participant keep their eyes open. To test

whether this phenomenon holds for all electrode channels, we run two sample T-test for each

of the 64 channels, and report the FDR adjusted p-value in Figures 4.8 (b) for task 3 (moving)

and 4 (standing). For both tasks, the channels in the occipital region show signi�cant

decrease in alpha power when eyes-open. Therefore, we conclude that alpha oscillations are

suppressed with visual input in the occipital region, independent of movement.

Frontal electrodes are informative for labelling movement, and posterior elec-

trodes for labelling on/o� of visual input

The 64 electrode channels carry di�erential amount of information with respect to the

behavioral states and visual input. In study 1, we also explore the contribution of each

channel in terms of di�erentiating behavioral states (or visual input).
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