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Abstract

A significant number of people worldwide suffer from mental disorders such as depres-
sion, bipolar and neurodegenerative disorders. These disorders adversely impact the life
quality of people and have a significant economic impact on health-care providers. The World
Health Organisation (WHO) considers depression as a common mental disorder, with more
than 300 million people of all ages affected by depression. Similarly, Bipolar disorder affects
more than 60 million individuals, which makes it among the most spread mental disorders
worldwide. Even though the treatment of mental disorders has proved to be efficient in
most situations, incorrect diagnosis is a common obstacle. This is because self-administered
questionnaires and clinical interviews are the only available methods for diagnosis. These
methods are influenced by subjective bias from clinicians or patients, time-consuming and
hard to repeat. There is growing attention on early diagnosis of mental disorders as evolving
treatments are expected to be more effective before irrevocable changes have occurred in the
brain. The integration of novel methods based on the automatic analysis of visual signals
may provide more information about a person’s mental state, which could contribute to the

clinical diagnostic process.

This thesis demonstrates that eye features extracted from video recordings of patients’
answers to a clinician’s questions can help in the automated diagnosis of depression. Results
show that there is eye blink abnormality among depressed patients due to psychomotor
retardation. This manifests as longer eye blink duration. The efficacy of these features
demonstrated in depression severity prediction where it achieved mean absolute error (MAE)
of 8.30 and classification accuracy of 93% using the Audio/Visual Emotion Challenge 2014
(AVEC2014) dataset. Furthermore, visual features of eye movements combined with head pose
features extracted from video recordings of patient’s during clinical interview in a specialist
memory clinic for the development of a automated visual screening method to support the
preliminary detection of patients with cognitive concerns related to progressive neurodegen-
erative disorders (ND), Functional Memory Disorder (FMD) and Mild Cognitive Impairment

(MCD).

Finally, a novel automatic diagnosis method for bipolar disorder developed based on

ii



deep learning. The proposed method investigated the application of several deep neural
network architectures to extract the complex temporal trajectories of physiological behaviours
that occur at multiple time scales. Results achieved shows that this model can be used as a
universal automatic feature extractor for mental disorders. This is confirmed by testing the
proposed model on AVEC2018 bipolar disorder dataset and AVEC2014 depression dataset. In
the AVEC2018 dataset, individuals with bipolar disorder are classified into states of remission,
hypo-mania and mania. The proposed model achieved Unweighted Average Recall (UAR) of
55.56%. Using the same model on AVEC2014 depression dataset, Mean Absolute Error (MAE)
of 7.65 achieved which outperforms most of the previous studies on the same dataset. These
results confirm the generalisability of the proposed deep learning model and that it can be

used as a tool for multi-scale feature extraction.

iii



Contents

Acknowledgements

Abstract

List of Figures

List of Tables

List of Publications

List of Abbreviations

1 Introduction

1.1
1.2
1.3
1.4

Problem description. . . . . . . . ... . e

Aimsand objectives . . . . . . ..o e e

Thesis contributions . . . . . . . . . . . e e e e e e e e

Thesisoutline . . . . . . . . . . . . e e e e

2 Literature review

2.1

2.2

Typical Facial Expression Recognition (FER) model . . . . . ... ... .. ..
2.1.1 Facedetection . .. ... ... .. . ...
2.1.2 Facial expressions . . . . . . . . . . . i i e e e e
2.1.3 Facial micro-expressions . . . . . . . . . .. ... .o
2.1.4 Opticalflow . .. ... ... . . e
Machinelearning . . . . . . . . . .. ..

2.2.1 Crossvalidation . . . . . . . . . . . . e e

ii



2.2.2 Featurefusion . . . . . . . . . . . e e 18

2.2.3 Featureselection . . . . . . .. ... ... 19
2.2.4 Feature extraction approaches . . . . ... ... .. ... .. ...... 19
2.2.5 Preprocessing . . . . . . ... e e 20
226 Functionals. .. ... ... ... ... .. ... 20
2.2.7 Classification and Regression . . . . . . .. ... ... .. ........ 21
2.2.8 Supportvectormachine . . . . . . ... ... L Lo 21
2.29 Randomforest . . . . .. . . .. ... 22
2.2.10 Adaboost . . . . .. e 22
2.2.11 Deeplearning . . . . . . . . . .. . e 23
2.2.12 CNN architecturelayers . . . . . . . ... ... ... ... ... ... 24
2.3 CNN architectureelements . . . . . . . ... ... .. ... ... ... 24
2.3.1 Evaluationmetrics . . . . . . . .. ... Lo 28
2.4 Psychomotor motor changes in mental disorders . . . . . .. ... ... .... 30
2.4.1 Psychomotorretardation . . ... ... ... ... ... .... 30
2.4.2 Psychomotoragitation. . . . . . . .. ... .. ... .. 30
2.5 The diagnosis of mental disorders using visual features . . . . . . ... ... .. 30
2.5.1 Appearancefeatures . . . . . . . ... ... 31
2.5.2 Emotionalfeatures . . . . . .. . ... ... Lo 34
2.6 Advantages of an automatic screeningtool . . . .. .. ... ... ... 35
2.6.1 Summary . . . . ..o e e e e e e e e e e e e e 35
Eye blink detection 36
3.1 Introduction . . . . . .. .. . . .. 37
3.2 Proposed eye blink detectionmethod . . . . . ... ... ... ..., ... 39
3.2.1 Stabilisinglandmark points . . . . . ... ... Lo Lo 40
3.2.2 Combining detection and tracking . . . . . .. ... ... .. ...... 41
3.2.3 Accuracy of the facial landmark tracker . . . . ... ... ... ... .. 42
3.2.4 Pre-Processing of the extracted facial landmarks . . . . ... ... ... 44
3.25 Peakdetection . . . .. ... ... 44
3.2.6 Finitestatemachine . . . . . . . ... ... ... oo 45



3.2.7 Eyeblinkdatasets. . . . . ... ... ... ... oo 47

33 Results . . . . . . . e 48
3.3.1 Eyeblinkdetection. . . . ... ... ... ... .. .. ... .. ..., 48
3.3.2 Eyeblinkstatistics . . . . . . ... ... 49

34 Conclusion . . . . . . ... e 50

Depression and neurodegenerative cognitive decline assessment using visual fea-

tures 51
4.1 Depressionassessment . . . . . . . . . ...t e e e e e e e e 52
4.2 Depressionmarkers . . . . . . . ... e e e 53
4.2.1 Depressionevaluation . . . . . ... ... ... Lo o 54
422 Relatedwork . . . . ... 55
4.2.3 Depressiondataset. . . . . . . . ..o e e e 57
4.2.4 Selecting the machine learning algorithm . . . .. ... ... ... ... 58
4.2.5 Feature Preprocessing . . . . . . . . . . . .. ... oo 60
4.2.6 Featureselection . . . . . . . .. ... L o 61
427 Results . . . . . . . . . e 62
4.2.8 DISCUSSION . . . . . . . . o e e 63
4.3 Neurodegenerative Disorders . . . . . . . . .. ... ... ... . 65
4.3.1 Neurodegenerative Disorders diagnosis . . . . . . ... ... ... ... 67
4.3.2 Cognitive state diagnosistools . . . . . ... ... ... .. ... ... . 67
4.4 Neurodegenerative cognitive declines assessment . . . . .. ... ... .. .. 68
4.5 Neurodegenerative disorder Dataset . . . . . . .. ... .. ... ........ 70
4.6 Proposedmethod . .. ... ... ... ... ... 71
4.6.1 Pre-processing . . . . . . . . . .. .o e 71
4.6.2 Featureextraction . . . . ... ... .. ... ... ... 71
4.6.3 Eye movement features extraction . . .. ... ... ... ... ..... 72
4.6.4 ValidationScheme . . . . . . ... ... ... L L. 74
4.6.5 Results . . . . .. . . e 74
4.6.6 Discussion . . . . . . ... e e 75
47 Summary . . . . ... Lo e e e e e e e e e e e e e e e 77



5 Bipolar disorder data exploration
5.1 Introduction . . . . . . . . . . . . . e
5.2 Literaturereview . . . . . . . . . . ..o e e e e e e e e e e
5.3 Datadescription . . . . . . . . . . .. e e e e e e e
5.4 Visual features characteristic of bipolar disorder . . . . . ... ... ... ...
5.5 Characteristic feature distributions . . . . . . ... ... ... 0oL,
5.6 Feature selection and classifier evaluation . . . . . . .. ... ... ... ....
5.6.1 Classification and regression analysis . . . . .. .. ... ... .....
5.6.2 Model evaluation on full length recordings . . . .. ... ... .....
5.6.3 Model evaluation on 9 minute time windows . . . . ... ... .. ...
5.7 Transfer learning for automated BD diagnosis . . . . . . . ... ... ... ...
5.7.1 Datapre-processing . . . . . . . . . . .. i
5.7.2 Deep learning models for facial emotion recognition . . . . . ... . ..
5.73 FERmodelselection . . . . .. ... ... ... ... ... .......
5.7.4 The application of transfer learning features to BD diagnosis . . . . . . .

58 Summary. . . . . .. L e e

6 Deep learning for automated micro-expression modelling
6.1 Datapreparation . . . . . . .. . . . . . . e e
6.2 Deep learning architecture overview . . . . . . .. ... ... ... 00
6.3 The proposed network outputstructure . . . . . . . . .. .. ... ... ...

6.3.1 Hand-craftedfeatures . . . ... ... ... ... ... ... ... ...
6.3.2 Residuallearning. . . . . . . . ... ... oo
6.3.3 Translating regression into classification . . . . . .. ... ... ... ..
6.4 Investigated deep learning architectures . . . . . . . .. ... ... ... ...
6.4.1 CNN architecture for Sequence extraction. . . . . . . .. ... ... ...
6.4.2 Inception architecture for temporal modelling . . . ... ... .. ...
6.4.3 ResNext for temporal modelling . . ... ... ... ...........
6.4.4 Hand-crafted feature modelling experiment . . . . . . . ... ... ...
6.5 The application of the proposed model to automated depression diagnosis

6.5.1 Transfer learning with the AVEC2014 dataset . . . . . .. ... ... ...

vii

78
78
79
80
81
82
84
85
85
87
88
88
89
90
92
95

96
97
98
99
99
99
100
101
102
103
106
110

. 112



6.6 Results . . . . . . . . e s 117
6.7 DISCUSSION . . . . . . . o e e e e e e e 118
6.8 ConclusSion . . . . . . . . o e e e e 120
7 Conclusions and Future Works 122
7.1 Conclusionofresults . . . . . . . . . . e 123

7.1.1 The feasibility of using facial landmark detectors for the development of

eye blink detection algorithm . . . . . . . ... ... ..o, 123
7.1.2 The feasibility of using eye features to identify depression automatically 124
7.1.3 The feasibility of developing an automated system using visual features

for the detection of neurodegenerative disorders (ND), mild cognitive

impairment (MCI) and functional memory disorders (FMD) . . . . . .. 124
7.1.4 The feasibility of employing behavioural micro-expression for BD?, What

is the importance of extracting visual features on different time scales for

automatic diagnosis of BD? and which deep learning network architec-

ture has the potential of extracting useful behavioural patterns . . . . . 125

7.2 Futureresearch . . . . . . .. . ... . . ... 126
7.2.1 Eyeblinkdetection. . . . . . ... ... ... ... .. 126

7.2.2 Automated diagnosis of Depression . . . . ... ... .. ... ... .. 127

7.2.3 Automated Screeningof Bipolar . . . . . ... ... ... ... 127
Bibliography 128

viii



List of Figures

2.1

2.2
2.3
24
2.5
2.6

3.1
3.2
3.3

3.4

3.5
3.6
3.7
3.8
3.9

4.1
4.2
4.3

Typical work-flow for the development of an automatic system for mental disor-

derassessment. . . . . . . . ...l e e e 11
The seven basic emotions adopted from [45] . . . .. ... ... .. ...... 13
Facial Action Units combinations [46]. . . . . . . . . . . .« . v o v v o o 14
Wheel of emotions accordingto [58] . . . . . .. ... ... ... ... 15
Example of SVM classification approache. . . . . . . . ... ... ... ..... 22
An example of Random Forest (RF). . . . . . ... ... ... ... .. ..... 23
Overview of the proposed technique for eye blink detection. . . . . . . ... .. 40
Proposed method for landmark stabilisation. . . . . .. ... ... ... .... 42

Average localisation error of eye landmarks using Zface compared to original
annotation. . . . . ... e 43

Average localisation error of eye landmarks using stabilised landmarks com-

pared to to original annotation. . . . . . . ... ... L. 43
Signal obtained from facial landmark tracker in a video tracking session. . . . . 45
SG filter applied to the facial landmark signal . . . . . ... .. ... ... ... 45
Blink peak width calculation using the full width at half maximum (fwhm). . . . 46

Finite state machine for blink duration estimation. B duration: Blink duration. . 47

Blink peak width calculation using the full width at half maximum (fwhm). . . . 47
Diffusion of depressive disorders ( % population), from [176] . . . . . . .. . .. 53
Proposed depression detectionmethod. . . . . . .. ... ... ... ...... 60

The AVEC2014 MAE and RMSE results comparison with models developed using

eyeblink features. . . . . . . . . ... L 63

ix



4.4 Unaligned and aligned pupil center and iris edge gradient vectors (left and right
respectively adopted from([242]. . . . . ... ... ... oo oL, 72
4.5 Pseudo-code used for eye center localisation. . . . ... ... ... ...... 73
4.6 The histogram for gaze intensities for FMD,MCI and ND subjects. . . . . . .. 75
5.1 The histograms of head pose (yaw) feature for the three classes of AVEC 2018
dataset. . . ..o L e e e e e e 83
5.2 The histograms for lip corner depressor AU15 intensities for the three classes of
AVEC 2018 dataset. . . . . . . . v v v i vttt e e e e e e 84
5.3 The histograms for eye gaze intensities for the three classes of AVEC 2018 dataset. 84
5.4 Network architectures for FER recognition. (a) shallow network, (b) semi-
shallow network and (c) deepnetwork. . . . . . ... ... ... ... ..... 90
5.5 Loss function of the training process for the shallow network. . . . . . ... .. 92
5.6 The loss function of the training process for the shallow network. . . . . . . .. 92
5.7 Applying transfer learning technique on the AVEC2018 dataset using FER model. 94
6.1 A general overview of the proposed modelling approach.. . . . . ... ... .. 98
6.2 A general overview of the proposed residual learning technique. . . . . . . . .. 100
6.3 Class membership functions for regression to classification translation. . . . . 101
6.4 CNN architecture for Sequence extraction (CLF: Classification, Reg2clf: Regres-
sion to Classification, Reg: Regression). . . . . . .. ... ... ... ...... 102
6.5 Proposed multi-time scale feature extraction. . . . . . .. ... ... ... ... 103
6.6 Inception module architecture. . . . . . . .. ... ... . L oo 104
6.7 Sequence extractionblock. . . . . .. ... oo L oo 105
6.8 ResNet architecture proposed by [106]. . . . . . . . .. ... ... ... .... 107
6.9 Resnext architecture for Sequence extraction (CLF: Classification, Reg2clf: Re-
gression to Classification, Reg: Regression). . . . . . . ... ... ... ..... 107
6.10 ResNext module architecture proposed in [271]. . . . . . ... ... ... ... 108
6.11 The proposed statistical functional approximationtest. . . .. ... ... ... 110

X



6.12 Proposed architecture for pre-trained hand-crafted feature extractor based on
ResNext model (CLF: Classification, Reg2clf: Regression to Classification, Reg:
Regression). . . . . . . . . .. e 111

6.13 The proposed architecture for the AVEC2014 depression diagnosis sub-challenge.114

6.14 Adding transfer learning features from AVEC2014 model into ResNext Bipolar

model. (CLF: Classification, Reg2clf: Regression to Classification, Reg: Regres-

6.15 Adding transfer learning features from AVEC2018 audio model into AVEC 2018
visual feature model. (CLF: Classification, Reg2clf: Regression to Classification,

Reg: Regression). . . . . . . . . . . . e e 117



List of Tables

3.1

3.2

3.3

4.1

4.2

4.3

4.4

4.5

4.6

4.7

5.1

5.2

5.3

5.4

Reported ground truth eye blinks in the ZJU dataset based on different studies. 48
Results of the proposed technique and of other existing methods. . . . . . . .. 49

Blink statistics: GT (ground-truth blinks), DB (detected blinks), RGT (ground

truth blink rate), RD (detected blink rate), and Duration (average blink duration). 50

Common depression Symptoms. . . . . . . v v v v v e e e e 54
BDI-II cut-off scores and the depression severitylevel . . . ... .. ... ... 57
The AVEC2014 classification and regressionresults. . . . . . .. ... ... ... 62
Depression evaluation with the AVEC2014 corpus comparison to the literature. 63

Participants’ details and test scores. ACE-R: Addenbrooke’s Cognitive Examination-
Revised; MMSE: Mini-mental state examination; PHQ9: Patient Health Questionnaire-
9; GAD-7: Generalised Anxiety Assessment 7. Unpaired T-test was used. ns =

notsignificant. . . . . . ... oL Lo 71
Facial landmarks used for head movement features. . . . .. ... . ... ... 73

Classification results for MCI vs ND vs FMD subjects using Adaboost classifier. 75

Demographic information of the AVEC2018 BD dataset. . . . .. ... ... .. 81

Unweighted Average Recall (UAR%) for ternary classification on development

set using visual features form full recording. . . . . . . .. ... ... ... 86

Unweighted Average Recall (UAR%) using features that produced highest classi-

ficationresults from Table 5.2 . . . . . . . . . . . . . e 86

Mean Absolute Error (MAE) on development set using visual features form full

recordingas per YMRS scores. . . . . . . . . . .. i e 86

Xii



5.5 Unweighted Average Recall (UAR%) for ternary classification on development

set using 9 minute time windows. . . . . . .. ... L L Lo

5.6 Predicting unweighted Average Recall (UAR%) on full video length using 9

minute time windowsmodel. . . . . . . . ... L

5.7 Mean Absolute Error (MAE) on development set using 9 minute time windows

asperYMRSscores. . . . . . . . .. L

5.8 Predicting mean Absolute Error (MAE) for full video length using 9 minute time

windowsmodel. . . . . . .. e e

5.9 FER recognition accuracy for the developed deep Networks using 10-fold cross-

validation . . . . . . . . e e

5.10 Classification of FER model, VGG-Face, AUs, pose and eye features on full

recordings. . . . . . ... e e e e e e e e

6.1 Unweighted Average Recall (UAR%) and mean absolute error from evaluation

on the development set using the CNN sequence extraction model. . . . . . . .

6.2 Unweighted Average Recall (UAR%) and regression results for the development

set using inception sequence extractionmodel. . . . . . ... ... ...

6.3 Proposed ResNext architecture. Brackets represent the shape of a residual block.

A layer is shown as (Filter size, Outputchannels). . . . . .. ... ... ... ..

6.4 Unweighted Average Recall (UAR%) and regression results for the development

set using ResNext sequence extractionmodel. . . . . . .. . ... ... .....
6.5 Statistical feature approximationresults. . . . ... ... ... ... ... ...

6.6 Unweighted Average Recall (UAR%) and regression results for the development
set using ResNext hand-crafted features estimator as a pre-trained feature ex-

tractormodel. . . . . . .. e e e e

6.7 Continuous depression assessment result on the AVEC2014 using ConvlD,

GoogleNet inception [272] and ResNext [271]. . . . . . .. ... .. ... ...

6.8 Accuracy comparison of the published BDI-II regression approaches obtained

from evaluation on the AVEC2014 testset. . . . . . . . . v v v v v v v v v v v

xiii

88

112



6.9 Unweighted Average Recall (UAR%) and regression (MAE) results for the AVEC
2018 development set using feature extracted at the range of 1 second by ResNext
temporal model utilising from features extracted by the pre-trained model on
AVEC2014. . . . . . o e e e e e e e 116
6.10 Unweighted Average Recall (UAR%) and regression (MAE) results for the the
AVEC2018 development set using feature extracted at the range of 15 seconds
by ResNext temporal model utilising from features extracted by the pre-trained
model on the AVEC2014. . . . . . . . . . . . e 116
6.11 Unweighted Average Recall (UAR%) and regression results for the development
set using ResNext sequence extraction model with audio features from transfer
learningmodel. . . . . ... 117
6.12 Comparison of bipolar classification results (UAR %) to other methods on the

AVEC2018 developmentdataset. . . . . . . . ... .. ... ... .. ...... 118

Xiv



List of Publications

Journal papers

Al-gawwam, S., Benaissa, M. (2018). Robust eye blink detection based on eye landmarks

and Savitzky—Golay filtering. Information, 9(4), 93.

Conference Papers

Al-gawwam, S., Benaissa, M. (2018, December). Depression Detection From Eye Blink
Features. In 2018 IEEE International Symposium on Signal Processing and Information
Technology (ISSPIT) (pp. 388-392). IEEE.

Al-Gawwam, S., Benaissa, M. (2017, December). Eye blink detection using facial features
tracker. In Proceedings of the International Conference on Bioinformatics Research and

Applications 2017 (pp. 27-30). ACM.



List of Abbreviations

AAM Active Appearance Model.

AD Alzheimers Disease.

ADHD Attention Deficit Hyperactivity disorder.
ANN Artificial Neural Network.

APA American Psychiatric Association.
ASD Autism Spectrum Disorder.

AUs Action Units.

AVEC Audio/Visual Emotion Challenge.
BDI Beck Depression Inventory.

BN Batch Normalisation.

CCA Canonical Correlation Analysis.
CLM Constrained Local Model.

CNN Convolutional Neural Networks.
ConvlD 1 Diemension convolutional.
Conv2D 2 Diemension convolutional.

CT Computerised Tomography.
DALY Disability-Adjusted Life Year.
DNN Deep Neural Netwotk.

DSC Depression prediction Challenge.



DSM-5

ET

FACS
FER
FMD
FNNS
FSM
FWHM

HCI
HDR
HLDs
HOG

LBGP
LBP
LGBP-TOP

LPC
LPQ
LSTM

MCI
MDD
MFCC
MLP

Diagnostic and Statistical Manual of Mental Dis-

orders.

Extra Trees Classifier.

Facial Action Coding System.
Facial expression recognition.
Functional Memory Disorders.
Feed-forward neural networks.
Finite State Machine.

Full Width at Half Maximum.

Human-Computer Interaction.
Histogram of Displacement Range.
higher level descriptors.

Histogram of Oriented Gradients.

Local Binary Gabor Patterns.

Local Binary Pattern.

Local Gabor Binary Patterns from Three Orthog-
onal Planes.

Linear predictive coding.

Extra Trees Classifier.

Long Short Term Memory.

Mean Absolute Error.

Mild Cognitive Impairment.

Major Depressive Disorder.
Mel-Frequency Cepstral Coefficients.

MultiLayer Perceptron.

xvii



MRI Magnetic Resonance Imaging.

ND Neurodegenerative Disorders.
NLP Natural Language Processing.
PCA Principal Component Analysis.
PHQ Patient Health Questionnaire.
ReLu Rectified Linear Unit.

REM Rapid Eye Movement.

ResNets Residual Networks.

RF Random Forest.

RMSE Root Mean Square Error.

SBS sequential backward search.
SES sequential forward search.

SG Savitzky Golay.

SVM Support Vector Machine.
TLCNN Long-term Convolutional Neural Network.
UAR Unweighted Average Recall.
VGG Visual Geometry Group.

WGD Weighted Gradient Descriptor.
WHO World Health Organisation.
YMRS Young Mania Rating Scale.

Xviii



Chapter 1

Introduction

Humans express their behaviour by a set of visual communicative signals that represent
an individual’s thoughts, feelings, and provide an understanding of a person’s psyche. For
this reason, the analysis of human behaviour can be useful for applications in the domains
of mental health, psychology and computer interaction. For example, mental disorders
like bipolar and depression directly affect a person’s behaviour in daily life. Depression
disorder is one of the common causes of disability and seriously affects human mental health
in all age groups [1]. This disorder can highly affect an individual’s behaviour, thoughts,
feelings and capability to work and ranges in severity from mild, short episodes of sadness
to severe, persistent depression [2]. Depression is a psychiatric mental disorder resulting
from a sudden stressful event affecting an individual’s life. This causes a continuous feeling
of sadness, negativity and makes it difficult to do everyday responsibilities. According to
the World Health Organisation (WHO), depression is the fourth most reason for disability
worldwide and is expected to become the second in 2020 due to its growing prevalence [3]. In
the UK, depression affects 2.69 million people (4.5% of the total population) from different
ages [4]. Moreover, the annual estimation cost for depression in the UK ranges between
£7-£9 billion including the expenditures of preventive treatment, medical treatment and care
[5, 6]. While in the United States, people with depression reported at 17.49 million (5.9%
of the total population) [4]. Severe depression cases affecting not only the brain but the
heart also, therefore increases the risk for a range of medical conditions like; cardiovascular

disease, Alzheimer’s disease (AD), vascular dementia, cancer, and stroke [7, 8]. In the same
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way, Bipolar Disorder (BD) is characterised by recurring episodes of depression (feelings of
low mood and lethargy), and of mania (feelings of elation and over-activity) [9]. Typically,
manic episodes include hyperactivity, irritable mood, loud speech and a decreased period of
sleep [10]. The World Health Organisation (WHO) estimates that BD impacts more than 60
million individuals worldwide [11]. These mental disorders have placed an excessive burden
on individuals, families and health care services. For example, the health services’ annual
expenditure due to the bipolar disorder in England is estimated to be £8.21 billion by 2026
[5]. As BD is a life-long illness, early diagnosis and following treatment can positively impact

individuals’ life quality with this disorder.

Neurodegenerative disorders (ND) is another form of mental disorders, and it is leading to
dementia and affects a person’s visual behaviour. Increasing demand on earlier diagnosis of
ND as new treatments is probably more effective before irreversible changes have occurred in
the brain. There has been a huge increase of referrals of people with memory complaints from
primary care to secondary care, resulting in significant pressure to diagnostic pathways [12].
The aim to find early diagnostic procedure has led to 600% increase in referrals to secondary
memory clinics in the UK over the last 10 years [12]. Although these referrals have increased
the identification of patients with ND, a large rate of the patients now referred to memory
clinics have Functional Memory Disorder (FMD) and mild cognitive impairment (MCI) with-
out but no evidence of cognitive deficit. This group of patients makes 50% of referrals to
neurology-led secondary care memory services in the UK [13]. Currently, assessment method-
ologies for mental disorders rely on subjective patient self-report or clinical evaluation of
symptoms severity using a range of assessment methods such as Beck Depression Inventory
(BDI) [14], Diagnostic and Statistical Manual of Mental Disorders (DSM-IV) [15] and Young
Mania Rating Scale (YMRS) [16]. These methods require a comprehensive assessment by
experienced professionals and are susceptible to diagnosis bias, which affects the accurate
diagnosis as the number of people who have a mental disorder is increasing [17]. Therefore,
automated diagnosis methods are anticipated to help clinicians provide an objective assess-
ment and time saving automated diagnosis. In this thesis, the visual appearance features for
the diagnosis of depression, ND and BD were investigated. These mental disorders affect the

patients’ multiple visual signals, which clinicians may not observe due to human limitations.

2
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For example, depressed patients are characterised with a variety of well-known symptoms
such as sadness or low mood and slower overall facial muscle movements [18]. While, BD
patients shows episodes of depression, aggressive behaviour and high mood. Also, changes
in psychomotor activities which require coordination of the body and brain to function
efficiently.

Mental disorders are apparent as an altered visual activity such as facial expressions,
head pose, and eye movements [19-22]. For the study of eye blinks, previous researches
employed person-specific models that must be trained for each subject to track the face and
extract eye movement features. Clearly, this approach is not usable for clinical applications.
To this end, this thesis proposes a novel algorithm for eye blinks detection based on an
automatic person independent facial landmark detection approach. The proposed eye blink
detection algorithm is then used to investigate eye features’ performance for depression
disorder detection. Furthermore, visual features from eye blink, head pose and eye gaze are
utilised to develop a novel automated diagnosis system for ND. For BD research, a novel
automated diagnosis approach based on deep learning developed for temporal modelling of
facial micro-expression trajectories to diagnose mental disorders. The proposed deep learning
architecture’s performance was validated by obtaining state-of-the-art inference accuracy
on the AVEC2014 and the AVEC2018 datasets for depression and bipolar disorder diagnosis.
Therefore, the proposed deep learning architecture can be employed for the diagnosis of

multiple mental disorder.

1.1 Problem description

The lack of a cure for mental disorders requires an early diagnosis of the condition. Earlier
diagnosis can improve the quality of life and slow the disease’s progress, especially before
the brain’s irreversible changes. Identifying patients with mental disorders at early stages
is challenging due to the lack of valid predictive markers appropriate for routine screening.
Biomarkers that can identify patients at high risk of developing progressive mental disor-
der are expensive and only available in few clinical centres (e.g. amyloid Positron Emission

Tomography test) or expose people to radiation (e.g. amyloid and tau testing in the cere-
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brospinal fluid test). Therefore, mental disorder diagnosis depends on subjective assessment
reports from patients, families, or clinicians. These assessments are usually available in
multiple-choice questions administered by clinicians while the patient is interviewed or
self-administered. For example, the Patient Health Questionnaire (PHQ-8) [23] is a commonly
used self-report form for depression diagnosis quantified by the test scores. This diagnosis
includes questions on the overall mental, appetite, physical energy, motivation, and other
difficult factors to measure directly. Using this type of assessment is not straightforward
because the given test scores are sensitive to the patient’s ability to report their symptoms
honestly and willingly. As a result, the diagnosis process is a time-consuming and includes a
significant amount of clinical training, qualifications and experience to get satisfactory results.
Despite the fact that there were various biological markers linked with mental disorder, for ex-
ample, low serotonin levels [24], genetic abnormalities [25] and neurotransmitter dysfunction
[26], no specific biomarker has been determined. Hence, the lack of an objective standard
for mental disorder diagnosis prevents the efforts of clinical services. This risks providing
optimal patient care, placing an excessive burden on health, and economic and social utilities.
The recent advancements in human behaviour understanding have inspired researchers to
investigate the applicability of data-driven methods that can model various human visual
behaviours that correlate with depression, BD or a neurodegenerative disorder. Such methods
have the potential to significantly enhance the healthcare systems due to the benefits it can
offer. Some of these benefits include understanding complex visual features that correlate
with the given mental disorder and provide an objective assessment. Additionally, advances
in automated diagnosis enable monitoring changes in multiple visual modalities affected
by mental disorders such as eye blinks, eye gaze, head movements and facial expressions.
Developing such a tool for visual features analysis is affordable, non-invasive, and can be
deployed remotely. Moreover, deploying an automatic diagnosis tool based on visual features
in primary health care is more likely to be useful, given that clinicians cannot capture the
complex changes in the characteristics of visual signals. Therefore, the research presented in
this thesis explores a solution for an automated mental disorder screening tool based on the

analysis of a person’s visual features.
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1.2 Aims and objectives

This research explores advanced techniques to develop automated diagnosis methods to
address the limitations introduced in the previous section. Automated mental disorder
diagnosis has a huge potential to improve healthcare by providing objective measurements,
interpretability, and information processing power. Moreover, once a developed method’s
satisfactory performance is achieved, the method can be replicated as many as required and
consistently supply reproducible results. To achieve this aim, multi-modal visual features
which is a combination of eye activity, head movements, facial action units and facial emotions
are used to develop an automated diagnosis approach. This thesis’s research is particularly
concerned with analysing behavioural patterns during the speech that can be utilised by
machine learning algorithms to distinguish mental disorder patients from healthy controls.

This thesis is concerned with the following research questions:

1. The feasibility of using facial landmark detectors for the development of eye blink

detection algorithm.
2. The feasibility of using eye features to identify depression automatically.

3. The feasibility of developing an automated system using visual features for the detection
of progressive Neurodegenerative Disorders (ND), Mild Cognitive Impairment (MCI)

and Functional Memory Disorders (FMD).

4. The feasibility of employing behavioural micro-expression for BD, What is the impor-
tance of extracting visual features on different time scales for automatic diagnosis of
BD and which deep learning network architecture has the potential of extracting useful

behavioural patterns.

The research focuses on investigating visual signals and machine learning techniques to
derive clinically beneficial information from visual appearance. Hence, the aims have been

set to:

e Develop a robust eye blink detection method that can be deployed in automated meth-

ods for mental health diagnosis
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* Develop a new visual-based system that can be used to analyse doctors-patients con-

versations to understand memory disorder related to symptomology.

e Extract visual features that capture the complex behavioural patterns that happen

during the speech in the presence of BD.

* Develop a deep learning network model that models visual features at different time

scales to capture complex audio/visual emotions at a very subtle time duration.

* Test the generalisability of the proposed deep learning model and whether it can be

used as a diagnostic tool for different mental disorders.

1.3 Thesis contributions
This thesis provides the following contributions:

1. Novel eye blink detection method.

Eye blink detection methods that used for mental disorder diagnosis need tight require-
ments on the setup to account for image resolution, facial motion dynamics and head
orientation. This makes them unsuitable as a low cost and robust solution to a wide
range of applications. To tackle these limitations, the proposed solution investigates the
usage of robust real-time facial landmark detectors that track key points of the human
face, including eye corners and eyelids. The proposed eye blink detection approach
uses landmark detector to track eye openness and apply signal filtering to detect eye
blinks and extract related features. This system was evaluated using video recordings

from five standard datasets. The complete approach is presented in chapter 3.

2. An automated depression diagnosis method based on eye blink features. This work
proposes a new approach to diagnosing depression by utilising eye blink features
extracted using the new eye blink algorithm presented in chapter 3. This approach pro-
vides more accurate features extraction as validated by several datasets. The AVEC2014
dataset used to validate the proposed depression diagnosis method. This study outper-

formed the baseline results reported on the AVEC2014 and similar to complex modalities
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that used both speech and video features. The achieved accuracy ranging between 88%
and 93% for depression classification task and Mean Absolute Error (MAE) of 8.30 for

the test set. This work is presented in chapter 4.

3. Anew diagnostic approach for the identification of patients with neurodegenerative

cognitive complaints.

Neurodegenerative diseases causing dementia affects a person’s visual features such
as eye blinks, eye gaze and head pose. Currently, the assessments in memory clinics
examine patient’s verbal abilities using verbal recall, comprehension and word fluency.
The automatic analysis of visual signals may supply useful information about a per-
son’s state, which could help in the diagnostic process. Therefore, a method utilises
visual features extracted from video recordings of patients’ answers to a neurologist’s
questions in a memory clinic can support the preliminary diagnosis of patients with
cognitive concerns to progressive ND, MCI or FMD. The proposed method’s perfor-
mance suggests that it could be incorporated into the diagnostic process for patients

with neurodegenerative disorder. This work is presented in Chapter 5.

4. Automatic screening system for bipolar disorder.

In this work, the usefulness of audiovisual features was evaluated for estimating the
severity of the BD. This is done by utilising the temporal trajectories during the speech
to develop a data-driven deep network for temporal feature extraction. Features were
extracted at different time scales to capture complex audio/visual emotions at a very
subtle time duration. The proposed method was tested using the AVEC2018 dataset,
which is the only publicly available dataset for patients suffering from bipolar conditions.
The proposed method showed the effectiveness of predicting the three states of bipolar,
i.e. remission, hypo-mania, and mania with an unweighted average recall of 64% and
55.7% for development test partitions, respectively. These results were higher than the
baseline results for audio and video modalities. Additionally, the AVEC2014 dataset was
used to test the proposed method’s generalisability on different mental health datasets.
This experiment has provided state-of-the-art results on the AVEC2014 dataset with a

mean absolute error of 7.65. These experiments show that the proposed method has
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the potential to be an automatic universal feature extractor. This system is presented in

chapter 5, and 6.

1.4 Thesis outline

The overall structure of the remaining chapters in this thesis is organised as follows:

* Chapter 2 provides an overview of the current techniques used for facial expression
recognition and emotion-based application. Also, the chapter introduces various hand-
crafted feature descriptors and machine learning algorithms employed in the next
chapters. Finally, a literature review of studies that used visual features for mental

disorder diagnosis is presented.

* Chapter 3 Describes the new eye blink detection technique utilising facial landmarks.
This technique’s details were presented together with the video datasets that utilised
to report the results. The proposed novel technique is compared with the existing eye

blink detection algorithms, which have used the same datasets for evaluation.

* Chapter 4 investigates the application of the proposed eye blink method for depression
classification and predicting depression severity using regression score on the AVEC2014
dataset. The proposed system performance compared against other studies from
the literature. Additionally, a new method is proposed to capture neurodegenerative
cognitive-related symptoms by analysing the patient’s visual features. Finally, this
method is compared with a more complex approach used as a combination of three

features to produce a similar performance.

e Chapter 5 Introduces an automated method for Bipolar disorder diagnosis. This
method built using visual appearance features prepared as time window sequences
input to the machine learning pipeline and evaluated using the AVEC2018 Bipolar
dataset. In this chapter, experiments were used to explore the bipolar disorder dataset

and prepare machine learning predictions to be utilised in chapter 6.
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* Chapter 6 presents the development of a novel automated for screening bipolar dis-
order based on the multi-scale temporal modelling of visual features. For this task,
audio/visual modalities have been utilised to develop convolutional neural network
architectures for automatic extraction of feature temporal trajectories during the speech.
The proposed deep neural network architectures were evaluated on the AVEC2014 and
the AVEC2018 datasets and demonstrated state-of-the-art performance. Finally, the

system performance also compared to other studies from the literature.

e Chapter 7 Includes the summary with conclusions and further research directions.



Chapter 2

Literature review

This thesis aims to develop automated screening methods that can recognise individuals
depending on particular visual biomarkers that differentiate between individuals with mental
disorders and healthy controls. Automated screening method in the field of Affective Comput-
ing/ Social Signal Processing (AC/SSP) refers to a computational framework that can process
information communicated in social signals to recognise various features of human behaviour
[27]. Typical work-flow for developing an automatic system for mental disorder assessment
proposed by [28] is shown in Figure 2.1 below. The first stage is to recognise a set of relevant
social signals for the given task. These signals need to be represented as a measurable quantity
before machine learning algorithms can process it. This type of representation is called a
feature. Features extracted directly from social signals are called low-level descriptors (LLDs).
These type of features are raw and needs subsequent processing before they can be ready
to be passed to machine learning algorithms. The next step contains further processing of
LLD features to get a more suitable form of features that machine learning algorithms can
work with. Features obtained from this stage are known as higher-level descriptors (HLDs).
HLDs are obtained using various feature engineerings tasks such as statistical summaries,
dimensionality reduction and feature concatenation. Moreover, statistical measures can be
utilised to determine the discriminative power and usability of HLDs before passing them
to the next stage. The final stage of the automated screening pipeline is to feed these fea-
tures into machine learning algorithms trying to produce a suitable result according to the

research aim, i.e., existence of mental disorder or severity level assessment of the symptoms
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(e.g., bipolar intensity according to YMRS scores [16] ranging between 0-33 and depression
intensity according to Beck Depression Inventory BDI-II scores [29] ranging between 0-63). As
an example, if the target variable is continuous, the regression machine learning algorithms
are selected. On the other hand, a classifier is selected if the target variable is discrete (e.g.,
depressed vs not depressed or low vs high depression severity). It is important to mention is
that feature engineering and machine learning stages typically overlap and are tuned until an
acceptable performance is achieved. This chapter aims to introduce visual features used to
develop automated screening methods, feature engineering mechanisms, machine learning

algorithms and visual features in mental disorders.

Visual features Feature Extraction Machine learning
e Facial landmarks e Statistical summaries e (lassification
e Facial Emotions e Dimensionality reduction e Regression
e Facial Micro-expressions e Feature fusion

e Optical flow

Figure 2.1 Typical work-flow for the development of an automatic system for mental disorder
assessment.

2.1 Typical Facial Expression Recognition (FER) model

Automatic human visual appearance features analysis has been a hot topic for research. This
is because of its usability in different applications such as human-computer interaction,
mental health and bio-metrics, etc. A wide range of topics is included in visual features
analysis, including detection of faces in images or video frames, localisation of landmarks,
head pose estimation, facial emotion recognition and several others. The validity of these
features are confirmed in research form psychology [30] [31]. This has inspired researchers to
work on these features to develop automatic diagnosis systems for mental disorders such as
schizophrenia [32] [33], depression [34] and autism [35] [36]. Other modalities such as hand
gestures and leg movements might help automated screening; however, these features are not

provided in most mental disorders datasets.
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2.1.1 Face detection

The first step in any facial analysis system is face detection. This operation’s output
is usually shown as an output of a box highlighting the face region in an image or video.
Due to variable lighting conditions, varied head poses and occlusions, face detection is still
considered challenging. Viola and Jones [37] is the most popular algorithm for face detection
in real-time. It employs haar-like features to train a cascade of Adaboost classifiers which
is a time-efficient solution. However, this algorithm works well for near-frontal faces under
normal conditions, and it becomes less efficient for faces under more wild conditions (lighting,
expression and occlusion). Recently, deep learning has shown exceptional performance in
object detection tasks [38] [39]. This has inspired many studies to improve face detection
using the high capacity of deep convolutional networks. In [40], a CNN model was proposed
to detect the face, pose and locations of facial landmarks. Other approaches were developed

in [41] and [42].

2.1.2 Facial expressions

Facial expressions are one of the richest tools used to describe the nonverbal emotions
conveying social information between humans. Individuals with mental disorders normally
show altered emotional expressions that can be utilised to recognise them amongst healthy
individuals potentially. Facial expression intensity can show clues about the person’s inten-
tions, physical health, emotions, pain or physical pleasure, and other physiological changes
[43]. These expressions cause the movement of facial muscles corresponding to a certain
emotion. As a result, these expressions make the corresponding facial muscles move and de-
liver a noticeable visual expression. The first study to note emotion recognition using a facial
expression from psychology perspectives was done by [44]. According to [44], a set of seven
basic emotions are apparent in humans beings regardless of culture, age and gender. The
basic emotions are Happy, Surprise, Neutral, Fear, Sad, Angry and Disgust, as shown in Figure
2.2 [45]. These emotions have an observable structure when they occur; for example, anger
emotion is characterised by eyebrows pulled down, upper lids pulled up, lower lids pulled up

and tightened lips. Additionally, the work in [44] developed the Facial Action Coding System

12
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(FACS) for describing relevant characteristics of facial muscle movement, as shown in Figure
2.3 [46]. Since then, it is widely used for facial expression because of the descriptive power
that it provides for describing the details of facial expressions. There are 44 different Action
Units (AUs), of which 33 are directly related to facial muscles’ contraction, such as lifting the
left eyebrow or the jaw tightening [46]. Although FACS provides an efficient technique for
recognising facial expression details, it requires a professionally trained person to judge the
expressions. This process could be time-consuming and prone to bias.

To overcome this limitation, many research efforts have been done for automatic detec-
tion of AUs form sequence or spatial-based data [47] [48]. There have been several public
challenges introduced in [47, 48] encouraging researchers to come up with systems that tackle
this problem, showing useful results in [49] and [50]. Recently, computationally modelling
Major Depressive Disorder (MDD) using visual features such as facial expressions is an active
research area. Depression is the most common mental disorder that affects a person’s mental
health and is represented by permanent negative feelings. According to [51], depression can
be realised as a mental disability characterised by lack of interest, reduced energy, feelings
of guilt and sleep disturbances. In a current report, the world health Organisation (WHO)

estimated that 350 million people worldwide are affected by depression[52].

ANLC9E!

Angry Disgust Fear Happy Sad Surprise ~ Neutral

Figure 2.2 The seven basic emotions adopted from [45]

Moreover, depression is the fourth most significant cause of disability worldwide and
is expected to be the leading cause in 2020 [53]. Currently, automated depression disorder
diagnosis is an active research subject in the affective computing field to determine the nature
and severity of depression in affected patients. There are several assessment methods for
diagnosing depression, depending on the patient’s review and reports during an interview. The
severity level of depression evaluations varies depending on the clinician’s experience and the

methods used for diagnosis (e.g., Diagnostic and Statistical Manual of Mental Disorders (DSM-
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Figure 2.3 Facial Action Units combinations [46].

IV) [54], PHQ-8 [23] and PHQ-9 [55]. Computer vision techniques have been utilised from
these assessment methods to translate a patient’s mental condition and facial representations
into an objective depression scale. AUs used by [56] to analyse facial emotions rather than the
seven basic emotions. They found that emotional expression depends highly on gender, where
men have shown a higher rate of AU4 than women. This can be translated as men tend to
smile under depression more than women. Also, the same trend of disgust has been observed
for both genders with depression disorder. Lucas et al. [57] found that individuals with
depression display facial expressions of hostility and reduced signs of joy. These observations

agree with the psychomotor retardation reported in the literature from psychology.

2.1.3 Facial micro-expressions

Emotions are regarded as psycho-physiological experiences related to the individual’s
reaction to an event. Details from human visual interaction reveal an individual’s feelings,
social interaction and opinions. Besides the specific categories of emotions proposed by

[44], emotions that are located between basic emotions are known as dimensional emotions.
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According to the observations in [58], dimensional emotions are not expressed by individuals
similarly and are believed to come from cultural or individual expressions of the basic emo-
tions; therefore, dimensional emotions are closely related to human behaviour. Figure 2.4

[58] shows dimensional emotions as suggested in [58].

A clearly identified typical facial emotion expression lasts from 0.5 to 4 seconds [59]. How-
ever, many studies showed that depending on facial expression for emotion recognition may
be tricky. This is because some people may try to suppress their genuine emotion by showing
an opposite facial expression due to cultural and social reasons [60]. These expressions are
known as micro-expressions, and they provide a significant amount of knowledge that can
reveal depressed emotions [61] and understand the true mental condition of a person. By
analysing depressed subjects video recordings, [62] observed intense expressions of anguish
lasted only for two frames. This experiment highlighted the importance of micro-expression
analysis for affect monitoring [63]. However, due to the concise period of occurrence of micro-

expressions, which lasts for a very brief interval of time (i.e., 1/25s to 1/5s, 40 milliseconds)

optimism _ _ - A - love
- S
g m b
-."‘ T

contempt

Figure 2.4 Wheel of emotions according to [58] .
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and subtle intensity, its recognition is very challenging [64]. Micro-expression recognition
methods can be divided into two sections: hand-crafted methods and deep learning-based
methods. In the hand-crafted method, [65] applied optical flow method on different sub-
regions of the facial area to recognize subtle movements of facial regions of interest. The
directional mean optical flow feature is computed to reduce head movements’ effect on the
feature vector. This feature vector is fed into the Support Vector Machine (SVM) classifier for
micro-expression recognition. Another research is done by [66] to address head movements
in micro-expression recognition by presenting an algorithm based on optical flow estimation
to perform pixel-level alignment to characterize facial dynamics of micro-expressions. Then,
sequences of micro-expressions are divided into a collection of cuboids, and the principal
optical flow direction is calculated for each cuboid. These features are passed to the SVM

classifier to identify micro-expressions.

The above-mentioned researches have made an important contribution to micro-expression
recognition. However, the methods depend on hand-crafted features and mostly extract shal-
low information, which is not enough for abstract feature description. This process might
be difficult for a psychologist with a lack of experience in using such methods. Hence, a
method that automatically generates high-level features is desirable. Advances in computer
hardware and GPU-based computing have made it possible to use a large dataset to train
deep learning models. Recently, few deep learning-based approaches have been explored for
micro-expression recognition. Convolutional Neural Network (CNN) used by [67] to detect the
facial landmarks’ location. Another CNN is then utilised to estimate the optical flow features
from facial regions highlighted by the facial landmarks. These features are fed into SVM for
recognising and detecting the micro-expression. Transferring Long-term Convolutional Neu-
ral Network (TLCNN) has been employed by [68] to extract micro-expression features from
each frame in the video clip. These features are then used as input to Long Short Term Memory
(LSTM) to learn the micro-expression temporal sequence information. In another study done
by [69], dynamic information extracted from optical flow features using 3D flow-based CNNs
to learn Spatio-temporal changes by facial movements in the video-based dataset. However,
the mentioned studies did not investigate micro-expressions’ spontaneous occurrence, which

represents an involuntary action toward an emotional stimulus. Therefore, in chapter 5 and 6
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of this thesis investigates the events at different time scales. This can be quite significant for
mental health because it can model and capture visual features automatically without prior

knowledge about the mental condition.

2.1.4 Optical flow

Optical flow’s objective is to estimate the movement of interesting features in successive
images of a scene. This technique has been used for facial expression recognition from image
sequences [70] [71]. Where the movement patterns of the skin are used to extract optical flow
motion vectors that discriminate facial emotion changes in a sequence of frames. A typical
optical flow algorithm [72] assumes constant brightness, which means that a pixel from
the image of an object in the scene does not change in appearance as it moves from frame
to frame. In addition to brightness constancy, the Lucas-Kanade algorithm adds temporal
persistence assumption, which means that the movement is within a small window (3x3)
around the point of interest [73]. However, the disadvantage of using small local windows in
Lucas-Kanade is that large motions can move points outside of the local window and become
impossible for the algorithm to find the related point movement. To address this limitation,
a pyramidal Lucas-Kanade algorithm was proposed by [74] where the motion vectors are
calculated at the highest level of an image pyramid. Then, the flow vectors are propagated up
to the next lower level of the pyramid. A more accurate optical flow is then recalculated for
this new level using the optical flow from the previous level as an initial guess. The resulting
flow is propagated one level up. This process is repeated until the flow is calculated at the

lowest level.

2.2 Machine learning

Machine learning algorithms are concerned with utilising extracted features to build models
that can generalise and recognize the target classes. These algorithms have two variations;
supervised and unsupervised learning. In supervised learning, labels and observations are
provided; in this case, the classification algorithm aims is to classify the unseen samples. On

the other hand, in unsupervised learning, labels are hidden, and the classification algorithm
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task is to seek a common structure in the observations. In supervised learning methods,
discrete or a regression value could be predicted by regressors. The following section dis-
cusses feature engineering and machine learning methods that form essential parts of the

computational methods for diagnosing mental disorders.

2.2.1 Cross validation

To assess the machine learning algorithm’s ability to generalise well to the newly in-
troduced data and reduce the possible bias to the models, cross-validation methods are
employed. This is done by dividing the dataset into two parts, one for training and the other is
left out of the testing so that training samples are left out of the testing process. Thus, model
performance can be assessed when newly unseen data is introduced. There are two methods
for cross-validation: leave-one-out and k-fold. In the leave-one-out method, the training
set is prepared as NN-1, which means that training data will consist of all samples at every
iteration, but one is left. Then, the algorithm is tested for IV times to assess its ability to classify
the left-out sample. In the k-fold method, the dataset is split randomly into K partitions, e.g.,
for k = 10, each time one partition is kept for testing and the other partitions used for training.
This is repeated for K times. This process is executed for N repetitions, where N is the whole

number of samples.

2.2.2 Feature fusion

Typically, several visual features can be extracted for affective sensing applications, such
as appearance-based features, transfer learning features, and statistical features from time-
series observations. To use these features, the feature fusion techniques are employed to
concatenate features to enhance machine learning algorithms’ outcome. There are two
fundamental ways to implement feature fusion: feature level fusion and decision level fusion.
In feature level fusion, several features are combined to create a larger vector. While decision
level fusion is implemented when the classifier decides the input feature vector label. This
technique can be implemented in two approaches: hard decision or soft decision. The
Hard decision is applied by majority voting on the predicted labels by the classifier using

logical AND or OR. While Soft decision fusion is implemented on the classifier probabilistic
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outputs or by merging non-probabilistic outputs employing suitable weights. Typically,
feature level fusion results in poor performance compared to decision level fusion. This is
because feature level fusion increases the feature vectors’ dimensionality and adds more
complexity to the machine learning task. This might make the classifiers and regressor

struggle to learn meaningful representation due to increased data dimensionality.

2.2.3 Feature selection

This approach is an essential task in a machine learning pipeline, where a subset of
features is selected from the original high-dimensional feature vector. This will help remove
features that might negatively impact the learning process and enhance the machine learning
algorithm’s performance as the model is trained on a reduced set of features [75]. There are
three techniques used for feature selection, namely filter-based approach, wrapper approach
and embedded approach [76-78]. Filter based approach selects features independently from
the classification or regression model based on a given criterion. However, this task depends
on the given task (i.e., classification or regression). For example, feature selection based
on filter methods for classification includes t-test, Mann-Whitney U-test and minimum
redundancy maximum relevance (mRMR) [79]. For regression tasks, Pearson correlation
coefficient, Spearman correlation coefficient algorithms are used [80]. The wrapper approach
utilises the machine learning model capability to monitor the performance by adding or
removing a feature or subset of features. This process is repeated iteratively until obtaining
the highest model performance. Examples of this approach are sequential backward search
(SBS) and sequential forward search (SFS). Finally, in the embedded method, features are
selected as a part of the classification or regression learning procedures. As an example,
feature importance is built-in tree classifiers and therefore can select the best subset of

features, Ridge regression, elastic-net and partial least squares regression (PLSR) [81]

2.2.4 Feature extraction approaches

Humans communicate their emotional behaviour and mental state through social signals
[82]. Among the wide range of social signals, communicating information through the face

and speech is most commonly used for developing automated screening methods for mental

19



Chapter 2 — Literature review

disorders. Feature extraction is an essential stage in FER work-flow since the following stages
completely depend on it. According to [83], feature extraction algorithms can be divided into
two techniques a) geometry-based or b) appearance-based. In the scope of mental disorders
diagnosis, time series features are obtained of both (a) and (b). Moreover, visual features are
classified into the high or low level; high-level features are directly translated to human sense;
on the other hand, low-level features provide image processing descriptors. Software packages

can be used as feature extraction methods such as OpenFace [84] and Opensmile[85].

2.2.5 Preprocessing

After collecting raw data, it should be pre-processed by removing noise or reducing the
high dimensionality to prepare it for the feature extraction stage. The pre-processing stage
might include signal enhancement by removing outliers to improve the features extracted
from the raw data. Data normalisation or standardisation is another pre-processing technique
that adjusts different data values into a unified scale. Moreover, normalisation provides a fair
comparison of data samples as it removes variations resulted from differences in recording
environments. Several normalisation methods could be used (e.g., Min-Max-Scaling method,

Standard-scaling method and Robust-scaling method).

2.2.6 Functionals

This approach uses descriptive statics to summarise low-level features to create features
that provide global representation about the visual or audio recordings. These features
are calculated based on a consecutive sequence of frames to supply local information. In
the upcoming chapters, descriptive statistics functionals such as mean, skewness, kurtosis,
maximum, minimum and standard deviation are employed to summarise the extracted
features. For example, using maximum functional on the eye gaze feature vector provides
information about the maximum eye gaze duration for an individual during video recording.
Multiple functionals should provide a global description of the recording as a single function

is not enough.

20



Chapter 2 — Literature review

2.2.7 C(lassification and Regression

Several machine learning classification and regression algorithms have been used for
developing a computational framework for the automated screening of mental disorders.
For example, support vector machine (SVM) [86], decision trees [87], random forest (RF)
[88], extreme learning machine (ELM) [89], and logistic regression [90]. For the task of auto-
mated depression and Schizophrenia recognition, SVM has been the most popular algorithm
[91]. Also, decision trees [92, 93] and random forest [94, 95] have been used for automated
depression recognition. The literature study suggests no particular method for selecting a
classification or regression algorithm to develop automated diagnosis methods. This is proba-
bly because of the complexity and the subtle duration of expressing human behaviour. For
example, there is a large overlap between the classes due to the temporal nature of behavioural
patterns in mental disorders. Therefore, Kachele et al. [96] suggested the use of an ensemble
of classifiers and regressors for developing automated tools for the recognition of affective
states and depression. Since classes are not linearly separable, Kachele et al. [96] believe
that using a single classifier result in poor performance as it tries to learn the relationship
between contradicting data points or selecting the best set of features that may not represent
the given task. The amount of available data is another aspect that affects the choice of classi-
fication/regression algorithm. A brief introduction of classification and regression algorithms
used in this thesis is provided in the next sections. These include SVM,RE Adaboost and deep

learning.

2.2.8 Support vector machine

The Support Vector Machine (SVM) was introduced by Cortes et al. [97] for binary classi-
fication tasks. Drucker et al. [86] introduced Support vector regression (SVR) for regression
tasks. SVM aims to find the optimal hyper-plane that finds a maximal margin between two or
more classes in terms of classification. As shown in Figure 2.5 (a), the algorithm finds several
hyper-planes, but only the optimal plane differentiates the two classes. SVM can be used for
nonlinear classification/regression tasks by extending the feature matrix into a hyperspace

using a suitable kernel such that linear separability exists in that hyperspace before using
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SVM. The task of selecting a suitable kernel requires cross-validation for tuning parameters of
the various kernel functions. Commonly used kernel functions include polynomial kernel,

Gaussian kernel and linear kernel [98].

Figure 2.5 Example of SVM classification approache.

2.2.9 Random forest

Random forest (RF) creates an ensemble of decision trees randomly based on the 'bagging’
method, which increases the model performance by combining all learning models, as shown
in Figure 2.6. This is done by creating a series of decision trees and combine the output from
these trees. RF creates a group of decision trees and combines their output to deliver a more

accurate prediction.

2.2.10 Adaboost

The Adaboost algorithm was first introduced by [99]. This classifier has an iterative
procedure that builds a strong classifier by combining many weak learners and inaccurate
rules. Adaboost uses an unweighted training sample to build a classifier, where if the data

sample is misclassified, the weight of that training sample is boosted. Next, a second classifier
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Figure 2.6 An example of Random Forest (RF).

is built using the new weights, and the process is repeated. A score is given for each classifier,

and the output classifier is given as a linear combination of the classifiers from each iterate.

2.2.11 Deep learning

Recently, deep learning algorithms have gained popularity in the field of computer vision
application due to their success in solving different computer vision problems such as object
classification and detection with state-of-the-art performance [100] [39] [101]. Following this
success, several researchers used deep learning for facial expression recognition. Deep learn-
ing algorithms do not have feature extraction and model learning steps. Features are learned
automatically in a hierarchical manner by multiple layers of neural networks. Convolutional
Neural Networks (CNNs) are the most used variation of Artificial Neural Network (ANN).
These networks have shared weight architecture and local connectivity between neurons.
The first study that employed CNN for facial expression recognition was [102], where 6 CNN
layers with two types of architectures were used. The first architecture with fixed filter size
and the 2nd with different filter sizes. These multiple filter sizes enable the network to extract
features at multiple scales. However, this study used a sigmoidal activation function which
is susceptible to vanishing gradient problem in deeper architectures. Moreover, shape and
temporal information were not utilised. A new 3D CNN architecture was introduced by [103]
to learn facial expressions in a video sequence. In this architecture, certain dynamic parts
of the face are learned and then they were used for facial expression classification. This

approach introduced the concept of detecting useful facial parts for FER tasks and using a
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sequence of contiguous video frames to learn temporal information. However, facial shape
information was not used and the time to learn the temporal information was limited to
n consecutive frames. Hence, temporal information longer than 7 is ignored, which may
discard useful information for certain applications. To overcome the problem of a small
amount of data, [104] used two deep CNN network for facial expression recognition. The first
network is trained on image sequences, and the second network is trained on the temporal
facial landmark points. Later, these two networks are combined to find the final decision
for the facial image class. This approach presented a new way of modelling temporal shape
and appearance; however, they modelled separately in the network. For this reason, the
network might not be able to learn the optimal combination of shape and appearance. Also,
this study has the limitation of using a limited number of image sequences as input. For
FAUs detection, fewer CNN based approaches have been investigated. A deep CNN with 3
convolutional layers was implemented by [105], 1 downsampling layer and a fully connected
layer to detect the presence and intensity of FAUs. Results from this study were comparable
to other participants of the FERA-2015 challenge [47]. These CNN based approaches [102],
[103] and [105] provided separate modelling of key facial features i.e. shape, appearance and
dynamics. While [104] utilised all these features but learned them separately and used a fixed
frame length to learn temporal information. This might cause losing important information

that happens at different time scales.

2.2.12 CNN architecture layers

The architecture of CNN consists of a sequence of stacked layers, followed by fully con-
nected layers. However, recent architectures in [101] [106] have introduced new ideas that
consist of multiple layer architectures. Generally, the input to CNN is an image in the form of
(height, width, channels). The spatial dimension is represented in this form of input together

with feature maps of the input.

2.3 CNN architecture elements

¢ Feed-Forward Neural Networks:
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For a classification or regression problem with input x and target y, the aim of Feed-
Forward Neural Network (FFNNSs) is to map input x to the target y, so that y = (f*x).
A feed-forward network defines a mapping y = f(x;6), where the best function ap-
proximation is obtained by learning the value of the parameters 6 from the available
observations of x and y [107]. FFNNs are typically represented by a series of many
different functions f (1), f(2), f(3),....f(m). An acyclic computational graph is used to
describe the structure of FEFNN model, where information moves from input x in one

direction passing a network of nodes implementing mapping of f to the output y.

¢ Fully connected layer:

In this layer, the input vector is multiplied with a weight matrix w, and a bias bis added.
This operation is usually followed by the application of a non-linear activation function.
During the network training process, the values of w and b are learned from data. The

network output layer is defined as :

X'=ReLu(Wx'~'+b) (2.3.1)

where ReLu is the Rectified Linear Unit activation function which discards the negative
elements of the input [108],W is the weight matrix and b is the bias. The ReLu is defined

as :

ReLu(x) =max(0,x) (2.3.2)

* Convolution layer:

This layer extracts features from local patches of the sampled data such as image, video,
or time series. Each convolution layer contains a set of filters whose parameters need to
be learned. This is done by convolving filters with the input data compute activation
map describing specific features or patterns in the data. The convolution is usually
followed by the application of bias and non-linear activation. The convolution layer

filter size, also known as the receptive field, defines the scale of feature extraction and is
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usually has a fixed size that is smaller with respect to the input. The output of j-th filter

at 1D convolutional (Conv1D) layer /is obtained as:

Xb=ReLu() x'~}Fxwi;+bl) (2.33)
ieD

Where D is the number of channels in the input, wf J is the weight for i-th input
dimension and bﬂ. is the corresponding bias. Convolution filter kernels are designed to
encode the types of features being extracted. By stacking several convolution layers, the
network can gradually learn feature representation at various time scales. To support
this, convolution layers are usually alternated with pooling layers. Using pooling layers
downsamples the data and reduces the extracted feature subsets, increasing the next
convolution receptive field [109]. Hence, pooling operations downsamples input time
series and reduce the extracted subsets. As an example, given a 1D input T d €R” s max
pooling operation for 1D with stride s, pool sizep and zero-padding to length T can be

described as follows:

y=maxpool(d) € [R?I (2.3.4)

* Regularisation :

When a machine learning model becomes highly specialised for training observations
instead of learning the generative data model, regularisation is applied to reduce over-
fitting. Gaussian(L2) and Laplacian (L1) are common parameters used to regularise a
neural network [110]. Besides these, dropout [111] is another regularisation mechanism
applied in deep neural networks, in which a random number of neurons are ignored
during training. This will remove their contribution to information flow and weight
updates. Dropout reduces the neuron co-adaptation and enforces them to learn a
generative model instead of specialisation to specific values, resulting in a better model

generalisation.

* Pooling layer: The pooling layer aims to down-sample input representation feature

maps. This will reduce the computational cost and control overfitting by providing an
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abstracted form of representation. Pooling operation is applied across the whole input
by a sliding window on a single depth slice at a time. In CNN, pooling operations can
calculate Max or Average of a given input. Maxpooling is the most commonly used
pooling method. This method down-samples the input image by a factor of k, k,, along

each direction and returns the maximum value only inside the sub-region [112].

¢ Rectified linear unit layer:

Rectified Linear Unit (ReLU) is a widely used activation function in neural networks,
especially in CNN. This layer adds nonlinearity to the neurons where it returns 0 if the

input is negative and returns the same value for positive input. It can be written as :

f(x)=max(0,x) (2.3.5)

Activation functions such as tanh and sigmoid are not generally used because they
return values between 0 and 1. In this case, when the previous layer’s output is near 0,
the neuron is ignored, and when the output is close to 1, the neuron saturates. This
will make both cases useless. These two functions are slower and more expensive to
compute than ReLu as it includes exponential values. ReLu layer is proved to be more
effective for using a threshold[100]. To prevent all negative values to be set to 0, the Leak
Relu is introduced by He et al.[113] in which a small negative slope is introduced. They

have shown that this method can be adjusted to give the best performance.

* Classification layer:

The classification layer commonly uses the SoftMax function to measure the fully
connected layer’s performance using posterior class probability. The SoftMax function
is shown in equation 2.4.6, where the output of CNN is formed as a vector of scores z

with the total sum set to 1. Then, the cross-entropy loss is found using Equation 2.4.7.

eZn

Zf\;l eci

Sn(Z) = (2.3.6)
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N
L=-S,+ log(z esn) 2.3.7)

n=1

2.3.1 Evaluation metrics

To evaluate the performance of machine learning models developed in this thesis, the

following commonly used performance metrics were employed:

* Accuracy: refers to the number of correctly classified samples. This metric is used in

the majority of studies and based on the following confusion matrix :

TP FN
FP TN

TP represents the true positives number, TN is the number of true negatives, FP is
the number of false positives, and FN is the number of false negatives. Accuracy is

calculated according to equation (2.4.8)

TP+TN
TP+TN+FP+FN

(2.3.8)

* Recall: is the measure pf the number of samples classified as true positive in proportion
to all objects [114]. It is beneficial for reporting the percentage of the positive cases that
were detected. Hence, a high recall score indicates that a few samples were missed [115].

To find the Recall, the following equation is used :

TP
recall = —— (2.3.9)
TP+FN

¢ Precision:

is another metric used for measuring performance. It measures the number of objects
classified as true positive in proportion to all positive objects [114]. In other words,
precision shows what percentage of the positive predictions were correct. This measure-
ment indicates the algorithm’s ability to make correct true predictions without falsely

admitting objects [115]. To find the Precision, the following equation is used :
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.. TP
precision = TP+ FP (2.3.10)

The F1 score metric is also used to report the results. It is an overall measure of a model’s

accuracy that combines precision and recall. F1 is given by:

precision.recall
F1=22" (2.3.11)
precision+recall

* Unweighted Average Recall (UAR): is the mean of class-wise recall scores and commonly
used as a performance measure, instead of accuracy, which can be misleading in the

case of class-imbalance.

* Regression metrics: The depression score for a video recording is obtained as an aver-
age of the video frame sequences’ predicted scores. The overall performance can be
estimated using two commonly used evaluation metrics: Mean Absolute Error (MAE)

and Root Mean Square Error (RMSE):

The MAE and RMSE are defined by:

n
MAE = EZ i — x|
n i=1

(2.3.12)

RMSE = J (%)Z(xi—xiﬂ
i=1

(2.3.13)
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2.4 Psychomotor motor changes in mental disorders

Psychomotor activities are skills that require coordination between the brain and the body
to function effectively. These activities cover multiple domains, including speech and body
movements and how activities are affected by mental state and emotions [116]. Mental
disorders negatively affect psychomotor activities, suggesting that analysing psychomotor
activities can help diagnose mental disorders. For example, depression and bipolar can be
identified by monitoring psychomotor symptoms according to the DSM-5 manual [15]. In the
case of mental disorders, there are two types of psychomotor symptoms. These include (a)

Psychomotor retardation and (b) Psychomotor agitation.

2.4.1 Psychomotor retardation

Psychomotor retardation leads to the slowing of psychomotor activities. From a motor
view, it shows impaired speech, idle body movements and fatigue. From a cognitive view,
psychomotor retardation can cause impaired thinking and, most importantly, blunted show

of affect and emotions.

2.4.2 Psychomotor agitation

Psychomotor agitation is a symptom related to a wide range of mental disorders. Subjects
with psychomotor agitation show tension with increased motor movement. Examples of mo-
tor agitation are undertaking repeated movements, restlessness, and rapid talking—cognitive
agitation manifests as high arousal and negative valence. Psychomotor agitation often found

in major depressive disorder or the manic phase in bipolar disorder [117].

2.5 The diagnosis of mental disorders using visual features

The face demonstrates a multitude of information about an individual gender, age and what
they are feeling. The effectiveness of visual features study for automatic diagnosis of mental
disorder is confirmed in research literature from the field of psychology [30, 31]. In fact,

several mental disorders are manifested as altered facial activity. Characteristic features that
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occur due to psychomotor changes in subjects with mental disorders can be utilised for
automated diagnosis of these disorders. This has inspired researchers to study visual features
for the automated diagnosis of autism [35, 36], depression [19, 34, 118, 119], schizophrenia
[32, 33], and BD [120, 121]. Visual features can be divided into two types, (a) appearance
features and (b) emotional features. According to the literature, facial movement analysis can
be employed to capture psychomotor activities, whereas emotion expression analysis can
be used to experiment with the hypothesis that subjects with mental disorders express their

emotions differently.

2.5.1 Appearance features

Studies into possible markers of mental disorders have explored appearance features as a
potential physiological indicator of disease advancement, severity, or treatment effectiveness
[122]. Facial muscle movement manifests as changes in skin texture with the occurrence
of facial wrinkles and changes in the eye region. This has inspired the researchers to study
facial muscle movement by extracting visual features concentrating on the face area’s texture.
To use visual features to study mental disorders, video pre-processing on a frame-by-frame
basis is required. Usually, the first step for tracking visual features is to use a face detection
algorithm like the Viola-Jones method [37], to find the face region for further processing.
Following this step, a registration process is applied to transform video frames into a set of
pre-defined pixels. Then, feature extraction step is applied using several algorithms such
as Histogram of Oriented Gradients (HOG)[123], Local Binary Pattern (LBP) [124] and Local
Phase Quantisation (LPQ) [125]. Facial landmarks detector is another algorithm used to
track contour points of key positions on the face, such as the nose, eyes, mouth, chin and
eyebrows. Facial landmarks are commonly used to extract geometric feature descriptors for
the face by calculating the distance between facial landmarks. This type of feature extraction
requires that facial landmarks be already computed for each video frame. Geometric facial
features were utilised by Alghowinem et al. [[19], [126], [127]] who have made important
contributions to the automated screening of depression. These studies’ findings have made
important contributions to the automated screening of depression using head movements,

eye gaze, eye blinks, and facial landmarks as features to classify individuals into healthy
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and depressed. To use facial landmarks features, they compute a comprehensive set of
distances between facial landmark points, computing velocity and acceleration from the
distance calculations. These are followed by calculating the functional summaries to capture
facial muscle activity. Similarly, head motion features were computed using velocity and
acceleration contours from head movements in terms of yaw, pitch, and roll, followed by
functional summaries. To study eye gaze, images of 45 participants were manually annotated
to build a 74 point active appearance model around the eye [128]. Then, distance measures
were used to describe eye openings, vertical and horizontal eye gaze. This study indicates that
individuals with depression have slow motor activity, smaller facial muscle movement and
slower head movement. Moreover, they found that depressed subjects show contact avoidance
through head pose and eye gaze features. However, their study’s main caveat is to calculate
a comprehensive set of distance features from 68 facial landmarks manually. Importantly,
[19] employed person-specific active appearance models (AAMs) to detect facial landmarks.
As AAMs need to be pre-trained for each individual, their use in clinical settings can be
difficult, especially with the expected increase in mental disorder diagnosis requirements.
Lastly, the reported results were on their private dataset; therefore, they cannot be verified

independently.

Similar to Alghowinem et al. [126], Dibekliouglu et al. [118] used facial dynamics fea-
tures for depression recognition. In their approach, each facial landmark’s movement was
computed for the entire recording, resulting in 98 different time series features (i.e., the
coordinates of x and y for 49 facial landmarks). Then smoothing algorithm is applied with
Principal Component Analysis (PCA) to reduce the dimensionality to 15 time-series features
for each video frame. Next, velocity and acceleration contours are computed and divided into
segments of increasing and decreasing values to apply functionals for feature summarisation.
Dibekliouglu et al. used Minimum Redundancy Maximum Relevance (mRMR) [79] for feature
selection. They replicated the method of Alghowinem et al. [126] on their own dataset and
reported better results in term of classification accuracy. Suggesting that the performance
of Dibekliouglu et al. [118] improved due to using mRMR for feature selection algorithm
compared to t-tests used by [126]. Pampouchidou et al [119] tracked muscle movements using

Motion History Images (MHI) [129] of facial landmarks. A subset of landmarks representing
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eyebrows, eyes, mouth and nose tip was used instead of all landmarks. For head movement
analysis, they calculated acceleration and velocity contours of specific landmarks 2,4,14,16
which are located on the face’s contour. Lipton et al. [130] reported abnormal horizontal pur-
suit eye movements in depressed persons compared to healthy controls. This was confirmed
by [131] finding that rates of saccades eye movement correlated strongly in controls but are
decreased or missing in patients with mental disorders. This confirms that abnormality in
the patient’s motor system is a form of psychomotor retardation. Crawford et al. [132] found
the same abnormal eye movements in patients without being under medication. Another
study done by [133] reported that compared to healthy controls, patients with depressive
disorder showed significantly abnormal eye movement indices. Also, the patient’s anxiety and
depression symptoms and eye movement indices were correlated. Therefore the pathologi-
cal meaning of these phenomena deserves further exploration. Additionally, Sweeney et al.
[134] identified significant eye motor and cognitive performance disturbances in depressed
subjects. Nonverbal behaviour, including eye blinks, eye glances and brow-raising are hypoth-
esised to provide a potential data source for discovering a patient’s mental state such as the
depression [135]. Depressed individuals were found to show decreased eyebrow movement
and avoiding direct eye contact with the interviewer than healthy controls [116]. Moreover, a
study done by [136] showed elevated blink rates in depressed individuals, which returns to

normal as the condition improves.

For eye blink features, Pampouchidou et al. [119] computed the area of facial landmarks
around eyes and applied an experimentally determined approach to detect eye blinks. Finally,
functionals were used to summarise velocity and acceleration features. This study found
that visual features provide a mean F1 score of 0.58 using a combination of training and
development set, 0.70 using development set only and 0.47 on the test set. However, features
computed from landmarks located at the edge of the face make Pampouchidou et al. [119]
approach highly prone to the facial tracker’s failures. Yang et al. [93] performed registration of
facial landmarks using the mean shape computed using 51 static landmarks from the training,
development and test sets. Next, distance and angle measures are computed for eyebrow, eye
and mouth regions. Also, Yang et al. [93] investigated the use of AUs features over the entire

video recording. The authors reported that their winning submission for the challenge was
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based on manually designed features from interview transcripts. Huang et al. [137] computed
the cross-correlation and multi-resolution between sequences of facial landmarks, head pose,
AUs and eye gaze resulting in F1 score of 0.73 on the development set. However, their best
results on the test are from interview transcripts. Williamson et al. [138] used the correlation
structure to computed the dynamics of FAUs during speech achieving an F1 score of 0.53 on
the development set. Lucas et al. [57] utilised video recordings from the Distress Assessment
Interview Corpus (DAIC) [139], and they found a high correlation of eye gaze with frowning
and smiling concerning the Patient Health Questionnaire PHQ [23] scores. However, the

dataset contains only 6 subjects, which compromises the validity of their results.

2.5.2 Emotional features

As individuals with mental disorders typically show altered affect, this fact can be utilised
to analyse the emotional expressivity to identify them from healthy individuals. Using facial
expressions analysis is based on Ekman’s theory for emotions [140]. Scherer et al. [141] used
Computer Expression Recognition Toolbox (CERT) [142] to study anger, disgust, contempt,
fear, joy, surprise, sadness, and neutral emotions. These examine how emotional neutrality
and emotional variability changes according to the depression severity of patients. Scherer
et al. [141] study reported a Pearson correlation value of 0.198 for emotional neutrality and
0.054 for emotional expressivity. This indicates that as depression severity increases, flat affect
becomes prevalent. Another study done by [143] shows that depression, anxiety and distress
lead to a reduction of smile intensity. Stratou et al. [144] studied the emotions in terms of AUs
rather than Ekman’s six emotions. They found that emotional expressivity is highly subject to
the gender of the individual. They report that men have increased activation of AU4 compared
to women. This means that men smile more under depression compared to women. A similar
trend has been observed for disgust for both individuals with depression. Vijay et al. [145]
used OpenFace toolbox to extract AU intensity features to study facial expressions on several
forms of mental disorders, including depression. They found that eye-widening and smaller
eye openings showed by individuals with depression. Also, they report that brow lowered

feature intensity to be distinguishing between depressed and non-depressed individuals.
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2.6 Advantages of an automatic screening tool

Mental condition diagnosis is not a straightforward process due to the overlapping of symp-
toms between these conditions. Additionally, the screening process can be affected by deci-
sion bias and accuracy of patients reporting their symptoms. Besides, the current diagnostic
tools used for individuals more likely to develop dementia are expensive and invasive and
some tests have the risk of radiation. Therefore, developing non-invasive, automatic and
objective diagnostic tools that healthcare providers can use repeatedly is highly required. This
tool can speed up diagnosis and provide the right medication for patients who are most likely

has mental disorders.

2.6.1 Summary

In this chapter, several studies have been reviewed. These studies’ objective was to use
visual appearance features to develop automatic diagnosis systems to detect early signs of
mental disorders. These studies have used a variety of visual features to develop FER systems
for mental disorder diagnosis including facial expressions, facial micro-expressions, and eye
features [[19], [126], [127],[119],[146]][141],[118, 145]. This is followed by introducing feature
extracting and preprocessing approaches. Also, feature selection and feature fusion were
introduced, which have been reported in previous studies to enhance automated diagnosis
methods’ performance. These studies utilised various machine learning algorithms classi-
fication and regression algorithms such as SVM, random forest, CNN, LSTM deep neural
network, SVR, etc. Moreover, several validation approaches were used, such as k-fold cross-
validation and leave-one-out, to show more generalised results. Several limitations were
found in these studies, for example, using person-specific facial landmark tracking [19] or
unbalanced dataset [23]. These limitations will be addressed in the following chapters when

developing the proposed systems introduced, and the results were compared.
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Eye blink detection

This chapter investigates the feasibility of developing a robust eye blink detection system
based on utilising facial landmarks to develop a low-cost eye monitoring system to diag-
nose mental disorders. As mentioned in chapter 2, section 2.6.1, [19] used AAMs to extract
eye blinks features and use them on an automated method for depression diagnosis. This
method’s limitation is that AAMs needs subject-specific training using extracted images from
the subject video interview. This requires to extract images and annotate them manually
for each video interview; for example, [19] used 45 images for each subject. This process is
time-consuming and challenging in clinical settings, especially with the expected increase
in mental disorder cases. Therefore, to investigate the role of eye blink features in mental
disorders as accurately as possible, this chapter introduces a novel technique to detect eye
blinks based on automatic tracking of facial landmarks. Automatic facial landmarks detectors
are trained on an in-the-wild dataset and show outstanding robustness to varying lighting
conditions, facial expressions and head orientation. The proposed technique estimates the
facial landmark positions and extracts the vertical distance between eyelids for each video
frame. Next, the Savitzky-Golay (SG) filter is employed to smooth the obtained signal while
keeping the peak information representing eye blinks. Finally, eye blinks are detected as sharp
peaks, and a finite state machine is used to check for the validity of the detected blinks based
on their duration. The efficiency of the proposed technique outperformed the state-of-the-art
methods on four standard datasets. The rest of the chapter is organised as follows: section

describes eye blink algorithms in the literature and provides implementation details. Section
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3.2 introduces the proposed system pipeline and describes each component. Section 3.3
shows the proposed eye blink algorithm results using four video datasets and compares other

studies using the same datasets. The last section 3.4 is the summary and conclusions.

3.1 Introduction

Recently, eye blink detection has been used in various applications such as the interaction
between disabled people and computers [147], drowsiness detection [148] and cognitive load
[149]. Eye blink defined as a rapid closing and reopening of the eyelids and it typically lasts
from 100 to 500 ms [150]. Viola and Jones’ algorithm [37] employed on most methods to detect
face and eyes. However, the Viola-Jones algorithm handles every video frame separately
when detecting faces or eyes within a continuous sequence of images. AS there is temporal
information between consecutive frames, this makes bounding detection boxes have various
sizes and positions despite stable faces. Region tracking is frequently combined with Viola-
Jones to achieve higher detection accuracy regardless of the changes in facial pose [151].
Different techniques for blink detection were proposed, and they can be classified into several

categories:

¢ Frame-based eye blink detection :

In this type of eye blink detection method, eye images classified into open, close or
estimating the degree of eye openness. Eye feature descriptor used by [152] based
on the variants of the histogram of oriented gradients. These features were classified
using SVM to detect eye openness and achieved about 90.37% accuracy on Zhejiang
University (ZJU) dataset. Another approach introduced by [153] to detect eye blinks
by extracting feature descriptors from the eye image based using Local Binary Pattern
(LBP). These features are fed into SVM and MultiLayer Perceptron (MLP) to interpret
the described image features achieving up to 95% accuracy. Due to the size limitation
of the available eye blink dataset, [154] introduced a transfer learning strategy for the
deep neural network model to improve eye state detection accuracy with a reported
accuracy of 97% on ZJU dataset. However, this method detected only eye state (open

or close) using static images extracted from videos that limit usability as an eye blink
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detection method.

* Appearance-based blink detection :

In this type of eye blink detection, the eye region’s textural features used to extract
useful information for classification. Contour circle fitting utilised by [155] to test for
eye pupil presence for eye blink detection. This approach achieved 96.6%accuracy
on a dataset recorded in a laboratory environment. A Weighted Gradient Descriptor
(WGD) was introduced in [156] where a new localisation scheme used to validate the
eye region returned by cascade models. This approach based on calculating the partial
derivatives for each pixel within the localised eye region over time. Weighted vectors
obtained in orientations (up and down) and an input waveform is obtained by finding
the vertical difference between the y-coordinates of those vectors. After noise filtering,
negative and positive peaks in the signal represent the eye’s closing and opening, a
local maximum and minimum represent eye blinks. The authors in [156] report the
best-obtained results for given datasets using different parameters. A new dataset of
five people recorded using a 100 fps Basler camera was also introduced in [156]. The
reported detection rate on the Basler5 and the ZJU datasets was around 90% and 98.8%,

respectively.

* Motion-based eye blink detection

Rather than depending on appearance features, two or more consecutive frames are
needed for frame calculation. A method for using optical flow to analyse the level
of angular similarity in orientation between the motion vectors in the face and eye
regions described in [157]. This method has been tested on a set of static images
rather than video recordings, achieving an accuracy of 96.96% using author made
dataset. Drutarovsky also used the Lucas-Kanade tracker, and Fogelton [158] to track
the eye region. Around 255 trackers were placed over an eye region; these trackers
were divided into 3x3 cells. Next, motion vectors are computed for each cell to obtain
the input waveforms for a state machine. If the eyelid moved down and followed by
upward movement within 150 ms, a state machine detects eye blink. Additionally,

[158] introduced the Eyeblink8 dataset, which is characterised by vivid facial mimics
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of recorded people. A recall of 73% on ZJU and 85% on Eyeblink8 datasets has been
shown in the same research. The authors of [159] used Active Shape Models (ASMs)
to obtain 98 facial landmarks. Eye shape is approximated using 8 landmarks for each
eye. The average height of eyes to the distance between eyes is used to estimate eye
openness. Eye blink is detected if the eye openness degree changes from a threshold
larger than 0:12 to a threshold smaller than 0:02. This method cannot deal with more
challenging facial expressions found in videos in the wild and uses a fixed threshold
for blink detection. Additionally, ASMs need to be trained for each subject individually,

which makes it time-consuming to use.

However, these methods are sensitive to image resolution, illumination, and facial move-
ment dynamics. Additionally, the accuracy of the Viola-Jones face detection algorithm is
usually reduced in unpredictable scenarios. Therefore, a widely used tracking strategy of facial
landmarks is adopted to overcome this problem. Recently, robust real-time facial feature
trackers have been proposed that can track a set of interest points on a human face [160].
These trackers have been validated in a battery of experiments that evaluated their precision

and robustness to varying illumination, various facial expressions, and head rotation [161].

3.2 Proposed eye blink detection method

The proposed technique for eye blink detection comprises four main steps, as shown in
Figure 3.1. These steps are applied to each frame of the input video. Zface [160] is used
to localise the eyes and eyelid contours for automatic tracking of facial landmarks. ZFace
offers 3D registration from the 2D video without pre-training. The robustness of ZFace
for 3D registration and reconstruction from the 2D video has been validated in a series of
experiments [162]. A combined 3D Supervised Descent Method (SDM) [160] is employed to
define the shape model by a 3D mesh. ZFace registers a dense parameterised shape model
to an image such that its landmarks correspond to consistent locations on the face. ZFace is
used to track 49 facial landmarks from videos. The eye-opening state is estimated using the

vertical distance (d) between the eyelids.

d=+(P2.x—P1.x)2+(P2.y— Pl.y)2 (3.2.1)
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Where PI and P2 are the eye landmark points obtained from the facial tracker for each video
frame. When the eye is open, it is assumed that the obtained distance (d) is mostly fixed,
and the distance approaches zero as the eye closes. However, the resulting signal is affected
by interference primarily caused by saccadic eye movements and facial expressions. These
interference are filtered while the shape of the signal is maintained. Lastly, the filtered signal
peaks representing the distance change between eyelids used to detect eye blinks; the higher

the peak more likely to suggest a blink.

Signal filteri .
Video f Face detection and Distance between 1gna( S(l})ermg Signal Peak
ideo frames > > .
landmark stabilization [”eyelids calculation | detection
v
. . .. . FWHM
Blink detection | Finite state machine | .
= calculation

Figure 3.1 Overview of the proposed technique for eye blink detection.

3.2.1 Stabilising landmark points

Factors such as unstable head pose, lighting issues and face obstruction make detection
of facial landmarks a difficult task. Moreover, as facial landmarks are detected for each
video frame independently, information from one frame is not connected to the next frame’s
information. This discontinuation of information and unstable landmark points impact
applications developed using facial landmark detectors. The landmark stabilisation and
tracking method proposed to tackle these limitations, as shown in Figure 3.2, which illustrates
the combined landmark detection and optical flow tracking. To implement this technique,

the following main steps are used to stabilise the facial landmark detection:

* Face tracking using landmark detector.
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e Landmark tracking using Gaussian Pyramid optical flow.

3.2.2 Combining detection and tracking

In the face tracking stage, the facial landmark detector is utilised to track the current
frame’s landmark location. Next, the Gaussian Pyramid optical flow algorithm is applied
to the detected landmark points to predict landmark points in the current frame from the
previous frame’s locations. These two approaches (landmark tracking and optical flow) are
combined in the landmark tracking stage to estimate landmark location in a given video frame.
If landmark motion between two frames is small and the tracked landmark’s appearance is
unchanged, landmark location predicted by optical flow is used. On the other hand, if the
landmark locations predicted by the landmark detector and the optical flow tracker are not
related, it is assumed that the tracker has lost track and the landmark location predicted by
the detector is trusted. However, if this condition dealt with a binary decision to choose one
prediction over another, the facial landmark points would be unstable. To solve this, the
combination of these two predictions in one method for landmark detection is described

below.
Let P(t)= Facial landmark position in the current frame.
P (t-1)= Facial landmark position in the previous frame.
po(t)=Position of the landmark predicted by optical flow in the current frame.

where « is used to combine p(t) and p, (¢) using the following equation:

ps(1)=(1-a)p(t) +ap,(1) (3.2.2)

where @ value is 0 < @ < 1, and the value of @ depends on the distance (d) between
the location of the point in the current frame (i.e. p(t) ) and the location of the point in the

previous frame (i.e p(t-1) ) as given in the following equation :

d=|lp(t)—p(-1)]| (3.2.3)
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Figure 3.2 Proposed method for landmark stabilisation.

3.2.3 Accuracy of the facial landmark tracker

To evaluate the performance and robustness of facial features tracker, the 300-VW dataset
has been used [163]. This dataset contains 50 videos where each frame of a video has the pre-
cise annotation of facial landmarks. The vertical distance in equation 3.2.1 used to calculate
open, close and other random eye cases then compared with the ground-truth annotation
using equation 3.2.4. The average relative localisation error for each face image used to

evaluate the accuracy of the facial features tracker, given as:

N
100 :
€:§—N;||Xi—Xl|| (3.2.4)
Where X the ground-truth location of landmark i in the image, i is an estimated landmark
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location provided by a detector, N is the number of landmarks and € is the Euclidean distance
between eye centres in the image. Figure 3.3 and Figure 3.4 shows the robustness of facial

tracker on annotated data and detected by Zface [160] tracker before and after stabilising

facial landmark.
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Figure 3.3 Average localisation error of eye landmarks using Zface compared to original
annotation.
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Figure 3.4 Average localisation error of eye landmarks using stabilised landmarks compared
to to original annotation.
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3.2.4 Pre-Processing of the extracted facial landmarks

In the process of calculating the vertical distance of eyelids, saccadic eye movements,
head movements and facial expressions cause unavoidable noise to the signal obtained from
equation 3.2.1. To improve signal quality and reduce tracking errors, signal pre-processing
is necessary to maintain the signal peaks’ shape denoting full eye closure. As shown in
Figure 3.5, the obtained signal is noisy and detecting eye blinks; in this case, it may result in
false positives being detected as eye blinks. For this purpose, the Savitzky—Golay (SG) filter
[164] is utilised for the pre-treatment of the obtained signal as shown in Figure 3.6. The SG
filter aims to increase the signal-to-noise ratio without deforming the signal and requires
two key parameters: the window size and the polynomial degree. These two parameters
are important for reducing the impact of random noise fluctuations and preserving signal
information. A long window length causes some loss of valid signals, whereas short window
length is ineffective for filtering the signal. Also, choosing a high polynomial degree may
produce new unwanted noise, whilst low polynomial degree may lead to signal distortion
due to over-smoothing. Therefore, it is important to appropriately select the window length
and the polynomial degree to achieve a good trade-off between random noise reduction and
valid signal preservation. The polynomial degree is selected in the range of one to three. The
window length is automatically adjusted by keeping the polynomial degree constant until an
optimal result is found. The highest peak and lowest error are obtained, reducing signal noise

while keeping peaks representing eye blinks.

3.2.5 Peak detection

As eye blinks are characterised as peaks in the signal, a median filter is first used for
baseline correction to filter out the noise. This noise often caused by certain facial expressions,
smiling, closing one’s eyes for a time longer than the duration of a blink, and saccadic eye
movements. The next step is to detect local peaks in the signal, which are larger than the value
of the nearby samples. For 30 fps video, a scanning time window of 500 ms is used to find
peaks. Each sample in the signal is detected as a peak if it is the largest value in the scanning

window, as shown in Figure 3.7.
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Figure 3.5 Signal obtained from facial landmark tracker in a video tracking session.
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Figure 3.6 SG filter applied to the facial landmark signal

3.2.6 Finite state machine

After the smoothed signal of the eye is obtained; in some cases, false peaks are detected
as blinks, as shown in Figure 3.8. a Finite State Machine (FSM) is used to check the detected
signal peaks for false and true blink cases. Blink duration is supposed to last for 100-500 ms
[150]. Hence, if the eye is closed for more than 500 ms, it is considered that the subject is
either drowsy, looking down or blinking voluntarily. FSM is a simple model for keeping track
of events triggered by external inputs that consist of states deciding what happens when a
particular input is present and which event is subsequently triggered. Then, the calculated

peak widths are used by the FSM to differentiate between blink and non-blink peaks according
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Figure 3.7 Blink peak width calculation using the full width at half maximum (fwhm).

to the following states,

 In-State S, if the peak duration lasts for a period of less than 100 ms, it is considered an

invalid blink and state are reset to 0.

* In-State q1, if the peak period lasts from 100 to 500 ms (16 frames for 30 fps video), it is

considered as a valid blink. The state resets to 0, and the blink is validated.

* If the state reaches g3, the eye closing period is considered to be more than 500 ms, so

blink duration is considered as invalid to state initialised to S.

Typically, these states consist of an initial state, input events, output events and a transition
function that takes the current state and input event to generate a new output and next state.
In this experiment, blink duration is assumed to last from 100 to 500 ms taking into account
noise coming from head movement, and facial expressions [150]. The width of the peak
represents the time in ms for each detected blink. The Full Width at Half Maximum (FWHM)

is used to find the peak width, as shown in Figure 3.9.
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Figure 3.9 Blink peak width calculation using the full width at half maximum (fwhm).

3.2.7 Eyeblink datasets

e 7JU (Zhejiang University): ZJU database [165] consists of 80 videos of 20 individuals.
Each individual has 4 clips: frontal view, upward view, with glasses, and without glasses.
Each clip is a few seconds and is 30 fps with a resolution of 320 x 240. There is no
facial expression and almost no head movements. This dataset has different numbers of
ground truth eye blinks reported, as shown in Table 3.1. A ground truth blink is defined

by its beginning frame, peak frame, and ending frame.

* Eyeblink8: This dataset is more challenging as it contains facial expressions, head
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movements, and looking down on a keyboard. This dataset consists of 408 blinks on
70,992 video frames, as annotated by [166] with a video resolution of 640 x 480 captured

at 30 fps with an average length from 5000 to 11,000 frames.

Table 3.1 Reported ground truth eye blinks in the ZJU dataset based on different studies.

Reference Reported eye blinks

[158] 264
[166] 261
[156] 258
[151] 255

 Talking face: This dataset consists of one video recording of one subject talking in front
of the camera and making different facial expressions. This video clip is captured with

25 fps with a resolution of 720 X 576 and contains 61 annotated blinks [166] [158].

* Researcher’s night:

A new in-the-wild eye blink dataset (Researcher’s night 15 and Researcher’s night 30)
introduced by [166]. This dataset captured at 15 and 30 Frames Per Second (FPS) with
resolution 640 x480. Subjects video were recorded while reading an article on the com-
puter screen. 100 videos were collected from different people with crowded background
scene with 1849 eye blinks annotated in total. This dataset is very challenging as par-
ticipants were acting naturally, some of them warning thick glasses, moving head and

showed very challenging multiple blinks.

3.3 Results

3.3.1 Eyeblink detection

In this section, the proposed eye blink detection technique’s performance is evaluated
by comparing detected blinks with ground-truth blinks using the three standard datasets
described above. The proposed approach’s performance is evaluated following [156], which

considers eye blink as detected if the detected eye blink peak is between the start and end
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frame of the ground truth annotation. Using the mentioned datasets, the proposed method
outperforms methods used in [151, 158, 166]. The statistics are listed in Table 3.2. The false
negatives counted using the ZJU dataset [165] is because the videos start with a blink and
sometimes ends while the subject is blinking. For the Eyeblink8 [158] dataset, the false
negatives result from facial expressions, moving hands, narrowed eyes, looking down without

blinking, and closing eyes intentionally for a long time.

Table 3.2 Results of the proposed technique and of other existing methods.

Reference Dataset Precision Recall
(166] ZJU 100% 98.08%

[151] ZJU 94.4% 91.7%

[158] ZJU 91% 73.1%
Proposed method ZJUu 100% 98.01%
[166] Talking face 95% 93.44%

[151] Talking face 83.3% 91.2%

[158] Talking face 92.2% 96.7%
Proposed method Talking face 98.38%  98.38%
[166] Eyeblink8 94.69%  91.91%
Proposed method Eyeblink8 96.65%  98.78%
(166] Researcher’s night 15  92.43% 81 .48%
Proposed method Researcher’snight15 98.78%  93.48%
[166] Researcher’s night 30  81.89% 74 .64%

Proposed method Researcher’s night30 97.17%  90.09%

3.3.2 Eye blink statistics

The main eye blink features are blink rate, duration and amplitude. The blink rate indicates
the number of blinks per minute. According to [167], during rest eye blink rate is 17blink/min,
increases to 26 during conversation and became very low as 4.5 while reading. Also, [167]
showed that the blink rate is affected by the cognitive process more than age, eye colour or
other factors. The blink rate in the ZJU [157] is about 50 blinks per minute, because most
of the blinks recorded for the ZJU [165] were voluntary and the subjects were informed that
they would be recorded for a blink detection study. Blink duration can last from 60 ms up to
700 ms and may reflect the subject’s mental state. Eye blink duration estimation and the total

time during which the eyes were in a closed state are shown in Table 3.3.
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Table 3.3 Blink statistics: GT (ground-truth blinks), DB (detected blinks), RGT (ground truth
blink rate), RD (detected blink rate), and Duration (average blink duration).

Dataset Video GT DB RGT RD Average Duration (ms)

Eyeblink8 1 38 43 4.4 5.1 395
2 88 89 143 144 297

3 65 67 127 13.1 222

4 31 31 103 103 245

8 30 34 53 6.1 190

9 41 41 162 16.2 224

10 72 72 142 142 177

11 43 44 176 18.1 254

Talkingface 1 61 61 247 247 184
ZJU 261 256 61 4896 48.03 190

3.4 Conclusion

There has been an increased interest in eye blink detection algorithms for different purposes,
such as driver fatigue detection and cognitive load. In this chapter, an overview of eye blink
detection methods is introduced, and a novel technique for eye blink detection based on a
facial tracker presented. This technique operates using video frames and finding the vertical
distance between eyelids, followed by signal filtering using SG, peak detection, FWHM calcula-
tion, and FSM to reduce false-negative eye blinks. The proposed methods were experimentally
tested and qualitatively evaluated on four standard datasets. The proposed method achieved
a higher precision and recall over [166] using all the related datasets. However, false-negative
blinks were detected due to unrecoverable noise in the obtained signal; such noise occurred
because some of the blinks were voluntary, such blinks often have a relatively long duration,
the subject was looking down (e.g. looking at the keyboard), subjects wore thick glasses which
reflected light and subjects were too far from the camera. Eye blink duration, frequency and
amplitude were also obtained for analysis of eye movement dynamics. In the next chapter,
the proposed eye blink detection method will be used to develop automated diagnosis for

depression and memory disorders.
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Depression and neurodegenerative
cognitive decline assessment using visual

features

This chapter investigates visual features’ ability to detect the state of two mental disorders:
depression and neurodegenerative decline. The developed eye blink detection method in the
previous chapter will be used to extract eye blink features to detect person’s level of depression
using the AVEC2014 depression dataset [168] which according to [19, 21] can be employed
to characterise individuals who have depression. The eye blink detection method will be
combined with head pose and eye gaze features for neurodegenerative decline diagnosis.
Automated diagnosis can provide insights into the mental state of individuals in two ways. The
first is to consider the diagnosis as a classification task, where the aim is to detect whether the
individual has a mental disorder or not. The second method is a regression task, where the aim
is to predict the severity of the mental disorder. The rest of the chapter is organised as follows:
Section 4.1 introduces depression assessment, where the current depression evaluation tools,
related work, and the proposed automated diagnosis method is presented. In section 4.2,
Neurodegenerative disorder diagnosis is introduced followed by diagnosis methods, dataset

description, the proposed method and finally, the results were presented and discussed.
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4.1 Depression assessment

Clinical depression is related to variety of factors that effect the functionality of the limbic,
cortical and subcortical systems. This disorder is a serious medical condition characterised
by persistent negativity that disables mental health and daily life abilities of the sufferer, their
families and healthcare system. Although those factors may not yet confirmed, they possible
to be related to stress and emotional shock [169]. According to Statistical Manual of Mental
Disorders (DSM), depression is diagnosed when depressed mental state is present with four
or more symptoms listed in Table 4.1 for at least two weeks period [170]. The DSM is widely
used to diagnose mental disorder, and its fifth version published by the American Psychiatric
Association in 2013. However, it is challenging to confirm a diagnosis using DSM due to its
approach in defining the boundaries between the groups and subgroups. As a result, making
diagnosis depend on subjective biases in case of valid patient examination can not be done to
reach a diagnosis [171]. In arecent report, the world health organisation (WHO) estimated that
350 million people worldwide suffer from depression [172], as shown in Figure 4.1. Moreover,
depression is the fourth most significant cause of disability worldwide and is expected to
be the leading cause in 2020 [53]. The WHO expects that depression will become the main
cause of disease burden within the next 15 years [7]. To assess depression cases, clinical
experts need to be involved during the process of diagnosis. Due to the different clinical
conditions associated with depression, the diagnosis process is not straightforward. Evidence
suggests that subjects could have the same diagnosis despite having different symptoms
[173]. These tests describe a range of audio-visual depression symptoms that can diagnose
depression by the presence of depressed mental state and obvious less interest combined
with at least four of the following symptoms for a period exceeding two weeks: depressed
facial expression, hand-squeezing, psychomotor agitation, slowed body movements and

neuromotor disturbances; disturbed sleep patterns and loss of energy [174].

Often, these symptoms are not given much attention during screening, diagnosis and
follow-up of treatment. However, early diagnosis and re-assessments for following up the
result of treatment are frequently limited due to the increasing number of depressed people.

This is because depression depends mostly on self-reported symptoms (e.g., the clinician-
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Figure 4.1 Diffusion of depressive disorders ( % population), from [176] .

administered Hamilton Rating Scale for Depression [175]). While being useful, these tools lack
measures for visual symptoms that are strong indicators of depression. Therefore, automatic
depression detection is expected to help objective and timely diagnosis. This will ensure
that appropriate clinical care can be given at the right time. Additionally, remote monitoring
of depression conditions will be highly appreciated by health care providers. As clinicians
assess depression depending on symptoms affecting an individual’s daily life, such as the

behavioural changes, visual features can be an objective diagnostic tool.

4.2 Depression markers

Identifying depression, biological and psychological markers is the core of the research
towards an objective diagnostic tool. Several biological markers related to depression reported,
for example, low serotonin levels [24] and genetic abnormalities [25]. However, due to the
variety of symptoms, no particular depression biomarker has been recognised. Low serotonin
level is considered to be the best biomarker for depression [177]. However, many studies
found that healthy subjects from a family with mental illness history [178], or subject with
aggressive behaviour [179], might suffer from low serotonin as well. Furthermore, the size of
the hippocampal is mapped to depression [180]. Frodl et al. [181] found that 60 patients with

depression have small hippocampal compared to healthy individuals. This could point those
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Table 4.1 Common depression symptoms.

Depressed and /or Markedly diminished interest or pleasure

In combination with four of Psychomotor

Psychomotor retardation or agitation

Diminished ability to think/concentrate or increased indecisiveness
Fatigue or loss of energy

Insomnia or hypersomnia

Significant weight loss or weight gain

Feelings of worthlessness or excessive / inappropriate guilt
Recurrent thoughts of death or recurrent suicidal ideation

gene abnormalities is a marker for depression. Additional biomarkers related to depression
are sleep disturbances [182] and saccadic eye motions [131]. However, the current depression
diagnosis tools not focusing on non-verbal signals and behavioural markers. Recent studies
suggested that these markers can be useful in detecting depression symptoms. These markers

include eye blink [19, 183], facial landmark tracking [184, 185] and hand movement [143].

4.2.1 Depression evaluation

The screening tools used in the depression video dataset used in this study are the Hamil-
ton Rating Scale (HAMD) [186] and self-evaluations such as the Beck Depression Index (BDI)
[187]. These tools are the gold standard for reporting the severity of depression symptoms.
The score reported in each test represents the level of depression severity. These scores are
generated differently across these tools according to different weighting methodologies and
variety of symptoms covered. These tools share common symptoms including; fatigue, sleep

disturbances, depressed state, agitation, guilt, and loss of interest.

Hamilton Rating Scale for Depression

Hamilton Rating Scale for Depression (HAMD) is regarded as the gold standard tool for
depression severity assessment. It was introduced for the first time in 1960 [175] and revised
for several times in 1966 [188], 1967 [189], 1969 [190], 1980 [191]. This tool consists of 21
questions used to screen adult for depression and assess the severity of their condition by
exploring an individual’s day to day feelings of guilt, suicide thoughts, anxiety, agitation or

retardation and insomnia. The assessment requires administration for 20-30 minutes. Each
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question has 3-5 outcomes depending on the severity of reported response. HAMD test has
five scoring levels; Normal (0-7), Mild (8-13), Moderate (14-18), Severe (19-22), and Very
Severe (23).

Beck Depression Index

The Beck Depression Index (BDI) is one of the most widely used self-assessment tools for
depression [175]. It contains 21 questions emphasis on cognitive state expressed in depression
and the negatives of self-evaluation. Each question is marked as 0, 1, 2, or 3 based on the
patient’s reported symptom severity over the last week. The highest score is 63 and it has four
scales: severe (30), moderate (19-29), mild (10-18), and minimal (0-9). this tool is rated to
be convenient to use as the patient can do it without the need for clinicians [192]. However,
it depends on the patient’s reading ability and self-reported answers which influences its

reliability [193].

4.2.2 Related work

It is established that depression appears through nonverbal symptoms in terms of fa-
cial expression as well as body language [194]. These characteristics have been researched
extensively in psychological studies and have been found that voluntary changes in facial
expression, psycho-motor agitation and depressed mental are central to depression [56].
These observations fit well into some of the behavioural diagnostic criteria of depression, as
mentioned by the American Psychiatric Association (APA) [15]. Cohn et al. [184], and Mcintyre
et al. [195] started early research on depression analysis using facial features from Active
Appearance Model (AAM) along with Facial Action Coding System (FACS) to understand how
they represented in depressed subjects. These studies concluded that it is feasible to develop
a system using facial features for depression analysis. There have been several depression
detection challenges to promote further research for depression by introducing Audio/Visual
Emotion (AVEC) Challenge series [120, 168, 196, 197]. These challenges have gained interest
in their efforts to learn signs of Major depressive disorder (MDD) because this disorder is
continually increasing worldwide. In the AVEC2013 and the AVEC2014 depression challenge

the data is provided as pre-computed sets of visual features such as HOG, 3D head pose

55



Chapter 4 — Depression and neurodegenerative cognitive decline assessment using visual
features

estimation, eye gaze direction estimation, 2D and 3D facial landmark and emotion-based
measures. Many participants contribute in the AVEC2013 [197] and the AVE2014 [168] trying
to find most useful feature combinations. Methods in [198-200] have shown that patients’
visual and vocal features have a close relationship with depression disorder. As depression vi-
sual biomarkers are of temporal nature, [19] used frame-based features to extract eye features.
In this study, [19] found that depressed subjects show abnormal eye movements compared to
healthy subjects. Another study done by [21] found that features from eye region correlated
with depressed state and provided the best regression scores. Additionally, [15] found that eye
blinks are clinically related to depression bio-markers as it can represent the psychomotor
retardation. Saccades, pursuit and rapid eye movements (R.E.M.) are the most eye movements
analysed in the literature. A pair of electrodes is placed over the subject’s eye to produce an
electrooculogram signal for measuring eye movements to study these features. Results from
[130] found that depressed participants had abnormal horizontal pursuit eye movements in

comparison to healthy controls.

This indicates that the ocular motor systems of patients with affective disorders process
eye position error abnormally. Furthermore, according to [134], depressed patients have
significant disturbances in neurophysiological processes and eye motor system. Additionally,
R.E.M. sleep was analysed in depressed subjects. Kupfer et al. [201] found that R.E.M. latencies
are reduced in depressed subjects and suggesting that changes in R.E.M is an objective
indicator of depressive disease and correlates inversely with its severity. Eye blink rate features
used by [136] for depression diagnosis, the results showed an increasing blink rate in depressed
subjects which return to normal levels as their condition improves. Active Appearance Models
(AAMs) used by [126] to analyse eye movements in depressed patients. However, AAMs’
problem is that it must be trained using image samples from each patient video recording
in a subject-specific manner. Using a generic eye AAM model trained using images from
different subjects than the current dataset, the model fitting and tracking will not be accurate.
To overcome this limitation, [126], used 45 images per subject manually selected from video
interviews. This procedure is not well-suited and time-consuming, especially in clinical
applications or large numbers of participants. To overcome this limitation in [19, 126] method

for blink detection in depressed patients, a pre-trained facial landmark detector is employed

56



Chapter 4 — Depression and neurodegenerative cognitive decline assessment using visual
features

to track eye lid movements as presented in chapter 3.

4.2.3 Depression dataset

In the AVEC2014, depression severity challenge [168], the provided dataset consisted of
video recordings of individuals with human-computer interaction (HCI) questionnaire task.
Two tasks were required to be performed by subjects while the session being recorded through
a webcam and a microphone. The first task, which called Northwind, subjects were asked to
read aloud a scripted speech. The second task, which called Freeform, was where subjects
were required to answer one of several questions: ‘What is your favourite dish?’; ‘What was
your best gift, and why?’; ‘Discuss a sad childhood memory’. The dataset is composed of
150 video recordings from 84 individuals. Some of the participants were recorded more
than once, 18 participants appear in three recordings, 31 in two recordings and only one
recording for 34 participants. The range of ages is between 18 to 63, with a mean age of
31.5 years and standard deviation of 12.3. The duration of recordings ranges from 6 to 248
seconds. Overall, there are 300 recordings given as Northwind/Freeform tasks, divided as
100 recordings in the training set, 50 for the development and 150 recordings in the test set.
Before starting the video recording, subjects were asked to complete the Beck Depression
Inventory-II (BDI-II) questionnaire. Scores from this test were used to label corresponding
video depression severity level, as shown in Table 4.2. Individual’s classified by [14] into high-

and low-depression severity groups according to the following standard BDI score cut-offs:

Table 4.2 BDI-II cut-off scores and the depression severity level

BDI-II Score Severity Level
0:13 Minimal depression
14:18 Mild depression
19:28 Moderate depression
30-63 Severe depression

The AVEC2014 depression sub-challenge aimed to predict BDI-II scores from the video
recordings. The classification of depressed vs non-depressed investigated by [202] using a
13/14 point cutoff on the BDI-II, resulting in 82% classification accuracy. This cutoff has been

used for the proposed automatic depression detection approach.
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4.2.4 Selecting the machine learning algorithm

To study eye features in depression, eye blink detection algorithm presented in Chapter 3 is
used to extract these features from the video recording, followed by machine learning pipeline
shown in Figure 4.2 below. Based on related works [19, 127, 136], three types of features were
extracted: eye blink rate per minute, eye blink amplitude and link duration. The proposed
method consists of feature extraction, pre-processing and machine learning units. Among
several machine learning algorithms, the boosting technique proved to work efficiently on
different classification tasks due to its ability to produce a strong classifier by combining a
set of weak classifiers that are diverse enough to produce a strong classifier when fused. This
technique is done by sequentially selecting weak classifiers from a candidate pool and assign
weights to each of them based on an error. In each iteration, the boosting algorithm assigns
an importance weight for each classification example; examples with higher weight will get
more attention on the next iterations as they are incorrectly on previous iterations. This
will tune the weak classification learners towards difficult examples to improve the classifier
performance by maximising the training set’s margin. AdaBoost algorithm [203] is based on

the additive model, which is the linear combination of the base classifiers h;(x) :

T
Fix) = Z ahy(x) (4.2.1)
=1

The training samples in the binary classification denoted by (x1, y1), ,(xi, yi), - - ,(xn, yn),
where x; is the i, instance, y; € {1,—1} is the class label associated with x;. The algorithm
runs for a series of rounds ¢=/1,..., T]. For each sample in the training set, a weak learner
produces an output hypothesis whose classification ability is better than random guessing.
For each iteration ¢, a coefficient a; assigned to a weak learner, representing the importance
of examples in the dataset for the classification. On each round, higher weights are assigned
to the incorrectly classified example. The weights of each correctly classified example are
decreased so that the classifier focuses more on those examples [204].

On the other hand, SVM is based on the structural risk minimisation [205]. SVM trains
classifier to find an optimal hyperplane that maximises the margin between two data classes,

i.e., the distance between the closest sample and the separating hyperplane. Moreover,
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SVM tries to minimise the wrong classified number of training samples, increasing their
generalisation ability. With a SVM, the training set of k training samples represented by x; and
yi where x; eR represents a vector with the attributes of the i, instance, and y; € {+1,-1}
represents the class label for the instance. The SVM aims to find the optimal separating
hyperplane (OSH) w - xi + b=0 between the given classes of data set. The decision function to

classify a testing instance x is:

f(x)= wx;+b (4.2.2)

To find the OSH, SVM solves the following quadratic optimisation problem [206]:

arg min%||w||2 +CY",Z; ,subjecttoy;(wx;+b)>1-7; (4.2.3)

Where w is the vector corresponding to the separating hyperplane,m is the margin of
the hyperplane, b is a scalar bias term (so the hyperplane is not forced to go through the
zero points), z; are variables classified on the wrong side of the margin of the separating
hyperplane called slack variables, and C is a user-defined parameter controlling the trade off
between margin and the number of slack variables. The constraints aim to place instances
with positive labels at one side of the margin w-x; + b > 1, and negative label instances at
the other side w-x; + b > —1. The optimisation problem’s function is a trade-off between
maximising the separating margin and minimising the slack variables. When C is large, a

higher penalty assigned to slacks, which will produce fewer slacks but a smaller margin.

AdaBoost can automatically find characteristic features for classification from a vast
features pool [207]. This could eliminate the need for experts to select informative features
from domain knowledge of the given classification task. As SVM maximises the margin while
keeping the number of misclassified samples, each sample in the features space is taken into
the SVM account when creating the separating hypersurface. However, as the number of
features becomes more extensive, the SVM approach for classification will be computationally
unmanageable. Due to this issue, advanced knowledge of the most informative features for
classification required or features must be selected at runtime. Since this experiment aims to

understand the relationship between the eye movements features and depression, manually
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selecting features may not be suitable. One approach to overcome this limitation is to try all
combinations of features and select those with the best classification results. However, this

would become computationally expensive.

Algorithm evaluation

Algorithm type [ET, Adaboost, ngression/classification]

Hyperparameters grid search

Selected feat.

Training data K best features Hyperparameters

Training feat.:

1

|

|

|

|

. |

Feature importances |

|

Accuracy metrics

Evaluation data

Figure 4.2 Proposed depression detection method.

4.2.5 Feature Preprocessing

Extracted eye features were further processed to obtain several statistical feature de-
scription. The extracted functional summaries included average blink duration, closed eye
duration rate, closed eye to open eye duration rate and blinking rate for both eyes. Next, the
following statistical descriptors where extracted: mean, median, standard deviation, maxi-
mum, minimum, skewness and kurtosis. Python version 3.7 implementations were employed
for extracting all the statistical descriptors. Before feeding these features into machine learn-
ing algorithms, feature normalisation from different scales into a uniformed scale was applied.
This gives a unified range to the feature values (e.g. 0,1) to ensure that features have an
identical contribution to the classification task and help enhance regression and classification
tasks. Normalisation can be done by taking one column simultaneously and finding the max-
imum and minimum value in each column. Equation 4.1.4 shows min-max normalisation

calculation, where X is the feature vector of the i, column, @,,;, is the minimum value of the
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iz, column, @,,,, is the maximum value of the i;;, column.

X — .
X, = dmin_ (4.2.4)

Umax — Umin

Min-Max Scaler method works well for cases when the standard deviation is minimal.
However, it is susceptible to outliers, in this case, RobustScaler method employed to scale
features using statistics that are robust to outliers. This method removes the median and
scales the data in the range between the 1st quartile and the 3rd quartile. i.e., in between 25th
quantile and 75th quantile range. This range is also called an Interquartile range. The median
and the interquartile range are then stored to be used upon future data using the transform
method. If outliers are present in the dataset, then the median and the interquartile range
provide better results and outperform the sample mean and variance. RobustScaler uses the

interquartile range so that it is robust to outliers. Therefore its formula is as follows:

_ Xi—median(X)

=00

(4.2.5)

Where Xi is the iy, column of the feature vector, median(X) is the median of the given

observation and the interquantile range is between the 1st quartile QI and the 3rd quartile

Q3.

4.2.6 Feature selection

To get maximum performance from the machine learning pipeline, features must be
explored and examined. Feature selection techniques are employed to find the most impor-
tant ones and dismiss unnecessary features that affect model performance. Additionally,
feature selection may decrease the risk of over-fitting [76]. To determine the importance of
the extracted features, the wrapper method is utilised, which uses the classifier’s accuracy to
evaluate the significance of feature or subset of features. Hence, features that improve model

performance will be selected, and others which reduce the performance will be discarded.
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4.2.7 Results

Two approaches were implemented for the depression evaluation task. The first approach
is eye blink features based regression model to predict the clinical test scores associated
with the subject’s recording. The second model is a classifier based on eye blink features to
identify subjects who suffer from depression from others with minimal or no depression. The
three data partitions from the AVEC2014 were utilised to build these models. The model is
fitted with samples from the training partition and evaluated twice, against samples from
the development partition and recordings from the test partition. This procedure repeated
several times until the model finds the best tuning parameters configuration that maximises
performance. The baseline results for the visual features model were MAE= 7.57., RMSE=9.31
for the development set and MAE= 8.86, RMSE= 10.86 for the test set. The proposed model
achieved better performance with the MAE= 7.40 and RMSE=9.10 for the developement set,
and the MAE= 8.30 and RMSE=10.50 for the test set. These results demonstrate the usefulness
of visual features for depression evaluation task. In terms of binary classification method
healthy vs depressed, the model accuracy was 93% and 90% for the development and test
sets, respectively. However, there were no baseline classification scores reported. Table 4.3
below shows the results for regression and classification using eye blink features. Table 4.4

compares the proposed method with results from the literature.

Table 4.3 The AVEC2014 classification and regression results.

Classifier Train set Test set MAE | RMSE | Accuracy | F1 score | Precision | Recall
SVM Train: NW Test: NW 10.5 | 11.67 60% 0.61 0.59 0.61%
Adaboost Train: NW Test: NW 11.2 | 10.94 75% 0.74 0.74 0.76
SVM Train: FF Test: FF 10.8 | 11.30 64% 0.64 0.63 0.63%
Adaboost Train: FF Test: FF 9.8 | 10.65 88% 0.87 0.86 0.85
SVM Train: FF+NW | Test: FF+NW | 9.4 10.9 61.22% 0.61 0.62 0.61%
Adaboost | Train: FF+NW | Test: FF+NW | 8.30 | 10.50 93% 0.93 0.93 0.92
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Table 4.4 Depression evaluation with the AVEC2014 corpus comparison to the literature.

Author MAE RMSE Accuracy F1 score Precision Recall
Baseline [168] video | Dev7.57 Test 8.86 Dev 9.31 Test 10.86 N/A N/A N/A N/A
Baseline [168] audio | Dev 8.93 Test 10.03 | Dev 11.52 Test 12.56 N/A N/A N/A N/A

Zhu et al.[208] 7.47 9.55 N/A N/A N/A N/A
kaya et al.[209] 10.26 10.2 N/A N/A N/A N/A
Jan et al. [199] 8.44 10.50 N/A N/A N/A N/A
Pampouchidou [92] N/A N/A Dev 66.0 % 0.72 (weighted) 0.94 (weighted) 0.59 (weighted)
Proposed method Dev 7.4 Test 8.30 Dev9.10 Test 10.50 | Dev 92% Test 93% | Dev 0.92 Test 0.90 | Dev 0.93 Test 0.90 | Dev 0.92 Test 0.90

mEMAE mRMSE

Baseline [16] Baseline [16] Zhuetal.[181] Kayaetal. Janetal.[173]  Proposed
video Audio [182] method

—_ = =
(=

Scores
(e} \] B~ (@)Y o0

Figure 4.3 The AVEC2014 MAE and RMSE results comparison with models developed using
eye blink features.

4.2.8 Discussion

The experiments done in this chapter supports the hypothesis of using eye blink features to
diagnose depression and estimate its severity. This is supported by [19, 21, 210] studies, which
found that eye blink can be used to identify individuals who have depression. Developing
such a system may assist clinicians in their diagnosis and monitoring of clinical depression to
provide a treatment which is proven to be effective in many cases [211]. The method described
in this research is non-invasive and can be used in a broad range of clinical settings. The
SVM and Adaboost algorithms were employed to build this model using the built-in feature
importance to select the most informative features. The model accuracies were 93% and 64%
for the test set using Adaboost and SVM, respectively. Table 4.3 and 4.4 show the classification
and regression models’ results using eye blink features extracted from the development,
training and test datasets for freeform and northwind tasks combined features. The results
show that Adaboost has a better performance compared to SVM. This may be related to

the characteristics of the dataset, and the features are not linearly separable. In this case,
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SVM needs a kernel to project data into a high dimensional feature space where classes are
linearly separable. SVM kernel selection can be difficult at a higher dimension because a
radial kernel can separate some features, but a polynomial for other features. On the other
hand, boosting method adapts to data better than choosing a generic radial basis function
(RBF) kernel to project it into infinite dimensions [212], and it has a fast convergence rate,
i.e.,, Adaboost reaches the minimum error very quickly [207]. The video model’s baseline
results were MAE=7.57, RMSE=9.31 for the development set and MAE=8.86, RMSE=10.86 for
the test set. The proposed model outperformed these results on the test set, the MAE=8.30,
RMSE=10.50. Additionally, the proposed model achieved better results than the baseline

audio model.

Comparing the AVEC2014 results with other studies, the developed model performed
better than most previous studies (Table 4.3). In comparison to Pampouchidou et al. [92] study
who reported results on the development set only using binary classification, the accuracy, F1
score, precision and recall were 66%, 0.72, 0.94 and 0.59 respectively. While the developed
model obtained better results for the same reported metrics 92%, 0.92, 0.93 and 0.92 for the
development set, and 93%, 0.90, 0.90 and 0.90 for the test set, with no large difference in the
results of the two sets, which means that the proposed system is stable and more likely will be
generalised to other datasets. Although in [92], the best scores were obtained with a complex
approach that combined both audio and video features, the proposed model achieved better
performances using a less complex model. The studies were done by alghowinem el al.
[127][19] have shown that eye blink features can help with depression detection. Results
presented in these studies were reported using different dataset than the AVEC14 datasets.
Hence comparison with their results was not possible. However, individual dependant AAMs
have been used in alghowinem el al. studies to track facial landmarks. Since AAMs must be
pre-trained for individuals, they are not usable for clinical settings or many participants. In
contrast, the proposed eye blink detection in chapter 3 used a fully automatic and person
independent method to track facial landmarks. The results of Zhu et al. [208] reported MAE
=7.47 and RMSE =9.55 on the test set using complex deep learning model to model facial
dynamics. The proposed model performed better compared to [209] despite the usage of large

audio-video feature set by [209] they reported MAE=10.26 and RMSE=10.2 for the test set only.
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Results on the development set were not reported by these two studies[[209],[208]]. Therefore,
it is difficult to conclude if their proposed model’s performance were stable on both sets.
Other studies done by Jan et al. [199] used Motion History Histogram (MHH) video features
and audio signals to represent characteristics of facial and vocal expression of subjects under
depression. Their best results were MAE= 7.36 and RMSE= 9.49 for the development set and
MAE-= 8.44, RMSE= 10.50 for the test set. Although their best results were achieved with a
complex model that combined audio and video features, the proposed model provided better
performance using a less complex approach.

Overall, the proposed model reported results to show that eye blink features are useful for
predicting the depression severity score. Previous studies show abnormal eye blink features
in depressed patients [136]. Additionally, overall longer blink duration has been noticed for
depressed subjects. These findings might be a sign of fatigue, which is a marker of depression.
This study has a limitation that the AVEC2014 dataset does not contain ground truth annota-
tion of eye blink rate. Despite this limitation, this study demonstrates the feasibility of using
eye blink features for depression detection. These findings suggest that such an automated

process can improve the detection of patients with suspected depression.

4.3 Neurodegenerative Disorders

Neurodegenerative disorder (ND) is a brain disease caused by the damages affect the neu-
rons’ synapses. It’s a progressive and irreversible disease, characterised by losing cognitive
functionality. Subjects with dementia suffer from memory loss, weak communication skills,
mood changes, depression and decline in the understanding [213]. At advanced stages, the
patient cannot speak and perform simple daily life functions [214]. Many diseases can lead to
ND, such as Dementia with Lewy bodies (DLB), Frontal Lobe Dementia (FLD) and Vascular
Dementia (VD). However, Alzheimer disease (AD) is the most common cause of dementia,
with an average of 60-80 % of dementia’s [215]. AD results from two abnormal fragments of a
protein called Tangles Plaques accumulated in the brain neuron’s synapsis. This destroys the
connections between the neuron cells that contain the sensation, motor skills and memo-

ries. Therefore, memory impairment is the most common AD symptom, affecting executive
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functions and the individual’s behaviour [216]. VD is the second most common form of ND
with 20% ofND cases. This kind of ND caused by blood circulation damage in the brain may
result from small blood clots obstructing brain cells’ oxygen supply. Symptoms of VD depends
on the affected part of the brain, and may include: language, reading, communications and
writing [217]. DLB is another type of ND with at least 10-15% cases having movement and
control issues. This type of ND caused by abnormal protein clusters called (Lewy bodies)
assembled in different parts of the brain. DBL symptoms include sleep disturbances, swallow-
ing problems and hallucination. Additionally, there are several conditions were subjects show
similar memory problems to that caused by ND [218]. These conditions have the chance
to be cured compared to conditions caused by neurodegenerative diseases (ND). However,
diagnosing the disease’s actual cause is challenging due to the overlapping symptoms and
the lack of suitable screening biomarkers. The mild cognitive impairment (MCI) is repeatedly
mentioned as an early course of dementia; however, the rate of MCI patients developing AD
conditions is less than 15% [219]. Most MCI conditions are caused by several factors, such
as, drugs or depression, which can be controlled and thus conditions can be improved [218].
Functional Memory Disorder (FMD) is another type of clinical conditions where patients
have memory problems without objective cognitive deficits caused by a stressful event or
psychological issues. Considerable pressure on secondary care memory services resulted
from a large increase of referrals from primary care for people with memory complaints
[220]. The attempts to find early diagnostic tools has led to an over 600% increase in referrals
to memory clinics in the UK during the last 10 years and resulted in a significant pressure
on health care system [220]. These changes have increased the number of identified ND
patients. Additionally, many patients referred to specialist memory clinics have Functional
(non-progressive) Memory Disorder (FMD) concerns without objective evidence of cognitive
deficits. Hence, improvements in screening procedures would be strongly desirable and could
lessen the pressure on limited health care resources [221]. Typical memory assessment begins
with a conversation with a specialist where patients are asked a series of memory-related
questions. This interaction provides useful insights into the cognitive state of the patient.

Therefore, reliable, non-invasive and automated diagnosis tool is urgently required [221].
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4.3.1 Neurodegenerative Disorders diagnosis

ND diagnosis includes several steps that require examination and specific tests which can
be lengthy and complicated. The first step is to investigate the presence of co-morbid disease,
which show similar symptoms to dementia. Next, memory, orientation, attention, language
and executive function will be evaluated in a series of cognitive tests. More neurological tests
may be required, such as gate and cranial nerve examinations [222]. Additionally, several
biological markers can be used to assess the diagnosis process such as Cerebro Spinal Fluid
(CSF), Electroencephalogram (EEG), Computed Tomography (CT) scans, blood tests, Positron
Emission Tomography (PET), Single Photon Emission Computed Tomography (SPECT) and
Magnetic Resonance. Imaging (MRI). These examinations could be costly and cumbersome
and expose patients to high radiation [223]. Moreover, several behavioural changes are
considered by neurologists during the diagnosis process such as walking, communications
and sleeping pattern taken into consideration. To assess these, several tests exist to help

examine speech and language capabilities of the individual’s [224].

4.3.2 Cognitive state diagnosis tools

Tools for cognitive state diagnosis were developed to assess the patient’s performance in
a range of cognitive domains including memory, time orientation, language, verbal fluency
and visuospatial abilities. The examiner will compare the patient’s final test score against the
cut-off to evaluate its condition. Next sections will briefly introduce the most employed tools
for dementia diagnosis. However, these tools are limited in term of sensitivity (true negative

rate) or specificity (true positive rate).

Minimal Mental Status Examination

The Mini-Mental State Examination (MMSE) is widely used in clinical settings to examine
the cognitive impairment with a period of (5-10) minutes administration time. This tool
developed by Folstein et al. [225]. Moreover, it is used to diagnose dementia and estimate
the severity of cognitive impairment. MMSE estimates the severity of cognitive impairment

using five categories: registration, language, memory, attention and orientation. There are 11
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questions in this test with the highest score of 30 points (regarded as a healthy cognitive state).
A score below 10 indicates a major cognitive decline, while mild cognitive ranged between
(20-25) and moderate impairment scores lie (20-10). However, MMSE is sensitive against
age, years of education and events of the gradual changes that occur to AD patients [226].

Additionally, MMSE shows low success rate to diagnose mild AD from healthy patients.

Montreal Cognitive Assessment

The Montreal Cognitive Assessment (MoCA) is another cognitive impairment evaluat-
ing tool used extensively [227]. Ziad Nasreddine presented this tool in Montreal, and the
administration time is 10 minutes. The top score is 30, and the cut off for normal state is 26.
MoCA tests several cognitive areas, including language, memory, orientation and visuospatial.
Compared to MMSE, MoCA has a higher success rate for diagnosing MCI compared to MMSE.

However, the specificity is insufficient.

4.4 Neurodegenerative cognitive declines assessment

This experiment presents a novel automatic system based on visual features to identify
individuals at high risk of developing dementia. The feasibility of using the visual features
based on eye blinks, eye-gaze and head movements investigated to differentiate between
patients presenting to specialist services with memory problems related to progressive ND,
MCI or FMD. Dataset used in this experiment provided by Royal Hallamshire hospital, which
includes video recordings of individuals while answering questions posed by an intelligent
virtual agent (IVA). A huge increase in referrals cases to secondary care memory services from
primary care for people with memory complaints. This resulted in considerable pressure on
diagnostic pathways [228]. The effort to find early diagnostic procedure caused an over 600%
increase in referrals to secondary care memory clinics in the UK during the last ten years.
Further, it challenged the diagnostic pathways [228]. Although these dramatic changes have
raised the identification of patients with ND, a large rate of the patients referred to specialist
memory clinics have FMD without objective evidence of cognitive deficits. Moreover, Memory

clinics in the UK are experiencing an increasing number of referrals [224] and are struggling
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to meet the demand for specialist diagnostic services [229]. Therefore, improvements to
screening procedures would be highly desirable and could better manage limited health care
resources [221]. The current diagnostic process focuses on clinicians interpretation of the
history given by patients and their companions. Neuropsychological tests complement the
clinical impression formed in this way either in the form of simple short screening tests or
formal neuropsychological examination over several hours, and brain scanning (Magnetic
Resonance Imaging (MRI) or computerised tomography(CT) [221]. This type of interaction
helps the clinician to get important insights into the cognitive state of the patient. The
clinician will note the patient response to the questions, whether answers are quick and
extensive or brief and incomplete. Considering this process’s cost and complexity, noninvasive
and reliable diagnosis tools that are automated can be reused and available remotely urgently
needed [221]. Recently, eye blink rate used by [230] as a biomarker for MCI diagnosis. Eye
blinks were monitored using two gold skin electrodes above and below the left eye while
subjects cognitive function was assessed using a battery of neuropsychological tests. This
research shows that eye blink rate in participants with MCI was significantly higher than in
healthy controls. However, this study has several limitations that need to be resolved, such
as the use of horizontal and vertical gold skin electrodes placed above and below the left
eye, which can be considered invasive. Mirheidari et al. [231-233] proposed an automated
approach for the differentiation patients with cognitive complaints due to ND or FMD using
features extracted from Conversation Analysis (CA) [224, 234]. A set of linguistic, acoustic
and visual-conceptual features were extracted and used to train a group of classifiers in their
work. The highest classification accuracy of 97% was achieved using a linear support vector
model. The approach proposed here is different from the previous studies by Mirheidari et
al. in terms of complexity and features used. Here, the method explores visual-only features
extracted directly from patients’ video recordings. The previous study depends on more
complex features based on clinicians and carers’ contributions to the interaction, natural

language processing, and automatic speech recognition.
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4.5 Neurodegenerative disorder Dataset

The dataset used in this study using collected as part of a study conducted in the neurology
memory clinic at the Royal Hallamshire Hospital in Sheffield, United Kingdom. The study
was approved by NRES Committee Yorkshire The Humber - South Yorkshire. This study
aimed to capture audio-visual recordings of people answering similar style questions to
those typically used in diagnostic neurologist-patient conversations. The memory-probing
questions were put together by a multidisciplinary team involving neurologists, linguists and
experts in conversation analysis. Participants received an information sheet before taking part
in the study and allowed to ask questions. Patients agreed their data be used for additional
analyses by the research team, but not their recordings made publicly available. Patients
were encouraged to answer eight questions posed by the IVA verbally and told that they could
answer as briefly or extensively as they liked. In total, 24 participants took part and out of
these, a total of 18 recordings of patients interacting with the IVA were further analysed (6 ND,
6 FMD and 6 MCI).

For the rest of the recordings, 4 subjects were excluded with depressive pseudodementia
and 2 in whom the diagnosis was not clear. Patients referred because of memory complaints by
a general practitioner or hospital consultant. Participants encouraged to bring a companion
such as a carer or family member (if available) along to their appointment—more details about
the procedure and the participant’s selection procedure provided in [233]. At the memory
clinic, patients were assessed by a neurologist specialising in diagnosing and treating memory
disorders. Additionally, patients assessed by the Addenbrooke’s Cognitive Examination-
Revised (ACE-R) cognitive assessment [235]. Also, patients were examined for depression
using PHQ-9 [55], where patients with high scores were excluded from this study [233]. The
Generalised Anxiety Disorder (GAD7) questionnaire [236] also done by all the patients. The
decision of ND or FMD were formulated by brain Magnetic Resonance Imaging (MRI) findings,
consultant neurologists specialised in the treatment of cognitive disorders, MMSE [225]; tests
of abstract reasoning [237] tests of attention and the executive function [238]; category and
letter fluency; naming by confrontation and language comprehension [239]; and tests of

short and long-term memory (verbal and non-verbal) [240]. Table 4.5 gives an overview of
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participants’ details and test scores.

Table 4.5 Participants’ details and test scores. ACE-R: Addenbrooke’s Cognitive Examination-
Revised; MMSE: Mini-mental state examination; PHQ9: Patient Health Questionnaire-9;
GAD-7: Generalised Anxiety Assessment 7. Unpaired T-test was used. ns = not significant.

FMD(n=15) ND(n=15) Cut off | Max score | P-value
Age 57.8 £2.0 63.7 £2.3 N/A N/A p =0.06
Female 60% 53% ns*
ACE-R 93.0+1.4 58 £58 88 100 p<0.0001
MMSE 28.9 +0.2 18.8+2.0 26.3 30 p<0.0001
PHQ9 5.6 +1.0 53+2.0 5 27 ns
GAD7 4.7 +1.2 4.8+1.5 5 21 ns
History taking part in minutes | range (10.1-32.3) | range(7.3-29.0)

4.6 Proposed method

The proposed method aims for an early detection tool for patients showing progressive ND-
related cognitive problems using visual features in their video recordings. The proposed
system pipeline is similar to the method introduced in section 4.1.5, and it formed of pre-

processing, feature extraction and machine learning-based classification.

4.6.1 Pre-processing

The clinical assessment sessions were recorded using a “ZOOM H2N” portable digital
recorder. The device placed on the table within 1 meter of neurologist, patient and accompa-
nying person. Video recordings were produced in "MP4" format with 30 frames per second.
Recordings were segmented according to the asked questions in each session. The intention
behind this is to investigate the effectiveness of features extracted from each question in

classifying the patients.

4.6.2 Feature extraction

In this study, the aim is to explore the potential of using the visual feature to differentiate
between FMD, MCI and ND. Several visual features were extracted including head pose, eye

gaze movements and eye blink.
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4.6.3 Eye movement features extraction

Eye movement features

For eye blink features, the technique presented in chapter 3 employed to extract eye blink

features. Eye gaze features extracted using the following steps:

* Face Detection and Alignment: The face detection module gets image frames from the
webcam source then, zface [160] library is used to detect faces in each frame. Next, the
face alignment module aligns a non-rigid facial feature point model to each detected

face.

* Feature Extraction This module extracts features for each detected face, including facial
landmarks and eye pupil position [241]. Iris localisation method is based on [242]
method that tries to find the possible eye center in a given image. The method is
given in equation 4.6.1, where C is the proposed eye center, g; is the gradient vector
at position xi, d; is the normalised displacement vector. In a given eye image, the
optimal eye center location is searched for using dot products between the normalised
displacement vectors d; and gradient vectors g; as shown in Figure 4.4. Given that the
scalar product is maximal when both vectors are co-linear, the center ¢ can be found as

the biggest dot product value.
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Figure 4.4 Unaligned and aligned pupil center and iris edge gradient vectors (left and right
respectively adopted from[242].
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Algorithm 1 EYE CENTRE LOCALISATION

1: procedure EYE (c,x)

2: Let ¢ be the possible eye center

3: calculate gi as the gradient vector at position i
4: calculate the displacement vector di from C to gi

5:
6: for <each pixel in image> do
T <find N= d; -g; > end for
&: return MAX(N)
10: end procedure
Figure 4.5 Pseudo-code used for eye center localisation.
Head pose features

To assess head movement usability for the diagnosis of memory disorders, facial land-
marks were selected that represent the face’s rigid movement. Two groups of facial landmarks
were investigated to quantify head movement. The first group contains landmarks for the
nose region and includes landmarks 28,29,...,36. The second group of landmarks form the face
contour and includes landmarks 1,2,....,17. The approach for extracting head movement fea-
tures includes calculating the Euclidean distance between adjacent frames, which describes
the change in x,),z coordinates. Repeating this approach for all frames, a feature vector is
generated describing the head movement velocity. Similarly, the second-order difference is
applied to the obtain velocity feature that describes the head pose’s acceleration profile. High
confidence detected landmarks is used in this process to discard landmarks that detected
with low confidence by the tracker. A summary of these facial landmarks is summarised in

Table 4.6.

Table 4.6 Facial landmarks used for head movement features.

Feature Facial landmarks
Face Contour 1,2,....,17
Nose 28,29,...,36
Nose + Face Contour | 1,2,....,17,28,29,...,36

73



Chapter 4 — Depression and neurodegenerative cognitive decline assessment using visual
features

4.6.4 Validation Scheme

To ensure a robust performance evaluation and reduce overfitting, cross-validation tech-
nique is widely used in machine learning pipeline [243]. Cross-validation with 10 folds (k=10)
utilised to obtain equal parts of data. The model trained using nine out of ten folds and tested
with the last 10th fold. This step repeated until all data folds used in the training and testing
process. However, this did not generate the validation set automatically. Instead, the nested
cross-validation method utilised, which uses the outer k-fold cross-validation loop to split
the data into training (9/10 data) and test folds (1/10 data). An inner loop is used to select
the model via k-fold cross-validation on the training fold. Model hyper-parameter tuning
and feature selection were investigated, and the model with the best features and parameters
tested using the test folds. This procedure runs through all the loops, and the average of the
best model scores across the outer test folds reported as the final result. The Scikit learn

library was used to perform this task [244].

4.6.5 Results

The results achieved from this study suggest that the proposed machine learning model
based on the analysis of visual features from subjects with memory complaints is capable
of detecting differences between the three classes of ND, FMD and MCI. The discriminating
potential of visual features explored using the Adaboost machine learning algorithm and
tested using validation technique described in section 4.6.4. To determine each question’s
diagnostic contribution, visual features, i.e.(blink, head pose and eye gaze) were classified
separately for each of the eight questions using the AdaBoost algorithm. Additionally, visual
features were analysed by computing the averages across the whole given recordings. Then,
z-score normalisation calculated, and the class-specific average histograms were produced.
As shown in Figure 4.6, eye gaze for ND subjects increases in the right direction from 0 to 3.
This might indicate head turnings towards the accompanying caregiver. This experiment’s
results are shown in Table 4.7, where two scenarios were tested: features from each question
tested separately and features from a full video recording. For the first scenario, question 7

reached a maximum at 68.3%.
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Figure 4.6 The histogram for gaze intensities for FMD,MCI and ND subjects.

Table 4.7 Classification results for MCI vs ND vs FMD subjects using Adaboost classifier.

Questions | Accuracy | F1 score | Precision | Recall
Q1 62.3% 0.62 0.63 0.62
Q2 52.55% 0.52 0.52 0.52
Q3 55.3% 0.55 0.59 0.55
Q4 59.5% 0.59 0.59 0.59
Q5 58.3% 0.58 0.58 0.58
Q6 55.55% 0.55 0.54 0.55
Q7 68.3% 0.68 0.67 0.68
Q8 61.2% 0.61 0.59 0.61
All questions 96% 0.70 0.69 0.70

4.6.6 Discussion

This study shows that using visual features could help as a complementary method
in diagnosing patients presenting with memory concerns. This study aimed to develop a
machine learning model that learns from visual recordings and can detect patients’ cognitive
status referred to a specialist memory clinic. In this study, a ternary classification was used;
FMD, ND or MCI. The highest classification accuracy achieved was 96% using visual features
from all questions asked during the diagnosis session. These features include head pose, eye
gaze and eye blink features. A study done by [230] found an increased rate of eye blinks in
MCI subjects. Similarly, [245] found that the eye movement abnormalities are an indicative

feature for the assessment of memory disorders. Comparing this study to [233] which used
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the same dataset, the proposed model-based exclusively on visual features and requires fewer
computation resources. In contrast, [233] is based on a combination of lexical, acoustic,
visual-conceptual and semantic features. Moreover, the classification approach used by
[233] included input features from a neurologist and accompanying persons, whereas the
proposed model uses only visual features captured from video recordings. Using visual
features from full video recordings, the overall classification accuracy improved to 96% in
contrast to the complex model used by [232]. The sensitivity and specificity of the developed
model were 92.30 and 99%, respectively. These results can be compared with other memory
disorder screening modalities. For example, although Positron Emission Tomography (PET)
is associated with higher sensitivity and specificity (86% for both), is invasive and need the
injection of a radioactive tracer via a peripheral cannula and requiring that patients to be
fasting for four hours before the test [246]. Single-photon Emission Computed Tomography
(SPECT) is another screening tool capable of showing early changes of neurodegenerative
disorders with high sensitivity (86.0%) and specificity (96.0%), but is costly and cumbersome
as PET and exposes patients to a high radiation [223]. Comparing the proposed method to
Mini-Mental State Examination (MMSE), although the MMSE shows high sensitivity (87.3%)
and specificity (89.2%) scores, it is not effectively sensitive at the early stages of memory
disorders, and it is affected by patient’s education level [246]. The clock drawing test (CDT)
screening shows high screening performance (sensitivity 92.8% and specificity 93.5%, however,
it is not used frequently for memory testing which limits it is usefulness [247]. Moreover, the
scoring having 8 different assessment setting which may be tricky to assess. Importantly, the
described tools above are the state-of-the-art for neurodegenerative disorders screening and
utilised widely. While the proposed method tested on a small dataset, performance needs
to be validated with a large dataset. This study highlights the importance of developing a
low-cost neurodegenerative disorder diagnostic method based on visual features. This could
help in patients’ assessment procedure with cognitive problems as they can be easily deployed
due to low-cost hardware and less computational complexity. One limitation in this study

that the dataset used is relatively small as it contains 6 cases in each group.
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4.7 Summary

Results from this chapter lead to several conclusions. Firstly, visual features extracted from
video recordings are important in diagnosing mental disorders, i.e. depression and neurode-
generative disorders. For depression diagnosis, video recordings from the AVEC2014 dataset
used to build a machine learning model based on eye blink features. The results from the
proposed model outperformed the baseline, and most of the studies used the same dataset in
the literature. The model’s performance was informative in predicting BDI and PHQ scores
with better MAE and RMSE than the baseline scores in the AVEC2014 dataset. Classification
accuracy was higher for the text reading task than for all test scenarios for the task’s answer-
ing question. Results show that eye movement abnormality is in line with the psychology
literature in that depressed subjects shows a general slowing of cognitive processes. These
findings suggest that eye blink features can be deployed as an objective evaluation tool for
depression, and these features can be obtained using low-cost platforms. Secondly, experi-
ment 2 show that visual features extracted from head and eye movements significantly impact
the differentiation between ND, MCI and FMD. These features are likely associated with
changes in the neurobiology associated with a given neurodegenerative cognitive disorder
and reflected in the clinicians’ visual interaction. Moreover, the proposed approach can be
deployed at clinics as it requires minimal effort. Finally, despite the limitations in this study,
the findings demonstrate the visual-only features offer a potential alternative to complex and
costly diagnosis tools. Therefore, it has the potential to be employed in the early stages to

assess people with cognitive complaints.
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Bipolar disorder data exploration

5.1 Introduction

Bipolar disorder (BD) is a chronic condition characterised by mental state variation, episodes
of depression and mania. In a manic state, BD patients become easily irritated, hyperactive,
speaking loudly, and experience reduced sleep. Traditional procedures for bipolar diagnosis
rely on self-assessment or clinically administrated questionnaires, which are subjective. Ob-
jective advance diagnosis and following medical care can positively influence the life quality
of individuals who have bipolar disorder and help early access to the treatment. Therefore,
an automated bipolar disorder diagnosis tool will benefit the patients and the health care
system, as this disorder is permanent and needs continuous monitoring and treatment. For
this aim, a novel modelling technique based on the extraction of indicative temporal feature
trajectories (i.e. trajectories of emotional profiles, AUs, eye gaze, emotions and head pose)
at the different time scales has been developed. This can be considered a valuable tool for
mental health care as it can improve the diagnosis and tracking of bipolar disorder or relevant
mental disorders. The proposed methodology is validated on the audio/visual dataset from
the AVEC2018 bipolar corpus, which targets the prediction of mania levels in patients with
bipolar disorder and is the only accessible dataset that contains audio and video recording for
structured interviews of patients suffering from bipolar disease. This chapter presents the

predictive analysis of visual features based on statistical analysis and machine learning.
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5.2 Literature review

Emotion recognition recently turned out into an important research topic, as emotional infor-
mation is essential for human communication. The Audio-Visual Emotion Challenge (AVEC),
is a yearly challenge since 2011 which aims to further the progress of automatic continuous
emotion recognition in the wild by applying new multimedia processing techniques and ma-
chine learning methods [120, 168, 196, 197, 248-251]. A framework of natural, spontaneous
emotion recognition and a benchmark to evaluate the recognition techniques are supplied in
each challenge. Since 2013, the challenges aim to explore depression prediction and recently,
bipolar disorder prediction is introduced as a challenge in the AVEC2018. BD is a persistent
(possibly lifelong) mental health disorder, with subjects experiencing occasional episodes of
depression and mania lasting from days to months. The Diagnostic and Statistical Manual of
Mental Disorders (DSM-5) [15] describes bipolar disorder as a complicated mental disorder
that changes an individuals mood to a large extent. Additionally, bipolar disorder affected sub-
jects suffers from intervals of depression with episodes of mania characterised by elated mood,
increased activity, over-confidence and impaired concentration. For example, a patient in a
manic state shows increased energy, decreased demand for rest or sleep and interest in social
activities. [252] [253]. BD has been ranked by the World Health Organisation (WHO) among
the top 10 for young adults according to the diseases of disability-adjusted life year (DALY)
indicator [254]. Remission rate and treatment acceptance are still low, despite improvements
in bipolar disorder treatment. Treatment opposition is one of the big challenges for bipolar
disorder [255]. This is mainly caused by the delay in diagnosis, frequent hospitalisations,
and inflammation due to inadequate detection of depressive episodes. Turkish Audio-Visual
Bipolar Disorder corpus was introduced by [256] as a subset of the dataset introduced in the
AVEC2018. This dataset is annotated for the existence and severity of bipolar disorder using

scores from the Young Mania Rating Scale (YMRS) [16] [120].

YMRS questionnaire has been developed by [16] to examine manic symptoms using 11
items. Four items in YMRS are weighted on a range between 0-8 assessing speech, aggressive
behaviour and irritability. The rest of the items are weighted on a range between 0-4. This

test can be administered by a psychiatrist or be self-reported. In the AVEC2018 dataset, YMRS
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test done under psychiatrists supervision [120]. The intensity of bipolar disorder is reported
according to remission, hypo-mania, and mania states [256]. Where remission (YMRS 7)
is the lowest intensity of the bipolar disorder and can be treated through medication [256]
[120]. When the YMRS score ranging between 8 and 20, the hypo-mania state is recognised.
Whereas YMRS score, greater than 20, is regarded to be in a state of mania which is considered
as much higher intensity than hypo-mania and being abnormally energised mentally and
physically. Early diagnosis and efficient treatment of this disorder can positively affect patient
quality of life. Automated screening methods can help to achieve this goal. The automated
BD diagnosis is understudied, and the AVEC 2018 is the first dataset to provide the records of
structured interviews of individuals with different severity of the bipolar disorder. Multiple
research groups have participated in the AVEC2018 and demonstrated a variety of modelling
and inference approaches. Visual features information from facial landmarks and texture-
based features extracted by [256], these features utilised using fine-tuned Convolutional
Neural Network (CNN). Using audio modality,[256] employed Interspeech 2010 paralinguistic
challenge features [257]. Finally, extreme learning machines [258] employed and partial
least squares regression [259]. The authors in [260] used video sequence to described the
displacement of the upper body points using Histogram of Displacement Range (HDR). They
applied Deep Neural Network (DNN) and Random Forest for bipolar depression classification.
Meanwhile, [261] investigated eye-gaze angle, head-pose, and only six facial action units
using three classifiers, namely, SVM logistic regression and Greedy Ensembles of Weighted

Extreme Learning Machines.

5.3 Datadescription

The dataset used in this chapter is supplied as a part of the AVEC2018 BD sub-challenge,
which is a subset of the Turkish Audio-Visual BD Corpus [256]. This dataset was published at
Affective Computing and Intelligent Interaction Conference (ACII Asia 2018). Participants had
to classify audio-visual recordings of individuals into three classes, i.e. states of remission,
hypo-mania, and mania according to the severity of the bipolar disorder as measured with

the help of YMRS [16] according to the following rules :
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1. Remission: YMRS <7
2. Hypo-mania: 7 < YMRS 20
3. Mania: YMRS > 20

A total of 50 patients (34 male and 16 female) aged 18-54 and 39 healthy controls (23 male
and 16 female) aged 18 to 57 years are included in the dataset. The dataset contains 218
recordings in total, 104 recordings in the training partition, 60 in development partition and
54 for the test partition. Subjects are evaluated by performing seven tasks. These tasks range
from explaining the activity’s reason, describing happy and sad memories; counting up to
thirty and explaining two emotion triggering pictures.The demographic information for the

dataset used in this experiment shown in Table 5.1.

Table 5.1 Demographic information of the AVEC2018 BD dataset.

Male | Female
Participants 23 11
Age range (18-52) | (23-48)
Age mean 33.37 36.27
Total recordings 107 57

5.4 Visual features characteristic of bipolar disorder

The AVEC2018 aims to predict the intensity of mania for individuals with bipolar disease. As
the labels are provided depending on YMRS Score [16], the current research investigated the
core symptoms described in the manic phase of bipolar affective disorder for individuals
with mania following the YMRS. Therefore, the research focused on identifying key features
characterising bipolar disorder, contradicting brute-force approaches that ignore background
knowledge about the condition. Inspired by the YMRS questionnaire, The investigation of the
elevated mood, irritability, and motor activity variations during the speech were proposed.
During the bipolar phase, subjects exhibit specific emotional profiles, characterised by in-

creased anger and irritation. To extract such emotional features, a facial emotion recognition
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model developed to obtain emotional profiles for each image in the dataset videos using
transfer learning technique ( section 5.7). In addition to these transfer learning features,
the presence and intensity of 18 key AUs were extracted from each video frame in the given
video recordings. Irritability or dull state can be obtained from eye features which provides
information about the motor activity. Eight statistic features that describe subject eye gaze
directions were extracted for left and right eyes separately. Three-dimensional head pose (i.e.
yaw, pitch and roll) is an important feature that describes increased energy and movements.
These features were computed using OpenFace toolkit [84], which provides a comprehensive
set of tools for image pre-processing and visual feature extraction. These features include
eye-gaze, facial AUs, facial landmarks, a histogram of oriented gradient (HOG), and head
pose [123]. For audio modality, OpenSmile toolkit [262] was used to extract Extended Geneva
Minimalistic Acoustic Parameter Set (eGeMAPS) features [263] which have shown its use-
fulness in representing information related to paralinguistics, prosody and emotions from
speech acoustics. These features are closely related to the mental health of observed subjects
in the AVEC2018 dataset. The aim is to employ the extracted features to investigate their
extent’s temporal trajectories at different time scales. This chapter investigated these using
the standard machine learning pipeline, including data pre-processing, feature extraction,

feature selection, model selection, and evaluation.

5.5 Characteristic feature distributions

To characterise the differences between the mania classes, visualisations of class-specific
feature distributions were obtained. These were produced by first computing feature averages
across the whole given recordings, then applying z-score normalisation to them, and finally
calculating the class-specific average histograms for each considered mania level. Figure 5.1,
5.2 and Figure 5.3 shows examples of such distributions for a number of selected features.
Figure 5.1, the distribution of head pose (yaw) is shown for remission, hypo-mania and mania
groups. It can be noticed that subjects in mania group are more likely to move their heads
towards the right direction than subjects in the remission group. This might indicate that

subjects in mania group turn away from the screen more often than subjects in the remission
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group. This finding is supported by [264] who provided neurophysiological evidence for
abnormal gaze processing in bipolar disorder and suggested dysfunctional processing of
direct eye contact as a prominent characteristic of this condition. Figure 5.2, shows that
subjects in mania group have a significantly higher intensity of AU15 (lip corner depressor)
activation compared to people in the remission group. For eye-gaze features, Figure 5.3
shows that mania subjects more likely to move their eyes from left to right. The obtained
distributions show that these features might provide high discriminative power for subjects’
classification in the AVEC2018 dataset. In the next section, these features will be further

assessed using several machine learning algorithms.
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Figure 5.1 The histograms of head pose (yaw) feature for the three classes of AVEC 2018
dataset.
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Figure 5.2 The histograms for lip corner depressor AU15 intensities for the three classes of
AVEC 2018 dataset.
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Figure 5.3 The histograms for eye gaze intensities for the three classes of AVEC 2018 dataset.

5.6 Feature selection and classifier evaluation

Considering the limited amount of observations in the AVEC2018 and the multitude of the
considered visual features, selecting a smaller subset of strong predictors for model training

and evaluation is necessary to achieve optimal performance. The feature selection was
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implemented based on Extremely randomised trees feature importance [265]. A subset of
features is ranked based on their importance for the given task; then the best subset is selected.
As shown in Figure 4.2 in chapter 4, each iteration consists of three nested loops; the outer
loop performs a hyper-parameter search for feature selection. The two inner iterations are
concerned with searching for the optimal parameters for the estimator. In each iteration,
hyper-parameters are adjusted for feature selection which results in a new feature subset.
Using this subset, another hyper-parameter search is done to search for the best parameter
for the estimator. This pipeline design intends to optimise the model parameters to achieve
the best results for those selected feature subset. Features and model evaluation results from

this experiment are utilised in chapter 6.

5.6.1 Classification and regression analysis

This section describes several experiments which aim to investigate the effectiveness
of the extracted visual features, i.e. eye gaze, head pose and AUs for the AVEC2018 bipolar
disorder classification and regression tasks. For the classification task, the objective is to
classify individuals into states of remission, hypo-mania and mania. In the regression scenario,
the task is to predict patients total YMRS score, represented by an integer value in the range
between 0 and 40. In each experiment, visual feature types (AUs, head pose, eye gaze) are
employed individually and combined produce unweighted average recall (UAR) metrics
for the considered classifier types. The same procedure was applied to the regression task.
Classifier evaluation was conducted by splitting the dataset into train and validation partitions,
as suggested in the AVEC2018. In this analysis, two feature extraction and temporal summaries
were considered from full recording lengths and overlapping 9-minute long time windows.
The latter was done to support the work on a deep learning model described in chapter 6,

where observation lengths have to be standardised.

5.6.2 Model evaluation on full length recordings

This experiment is based on using visual features extracted from full video length. The
sequence of this analysis follows the pipeline presented in section 5.6. The performance of

each separate feature group and combined features are evaluated, to assess the contribution
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of each feature individually and when included in the selected feature subset. Finding out
which feature shows a better performance might highlight important visual cues of bipolar
disorder. Some interesting findings resulted from this experiment are presented in Table 5.2.
Eye gaze features resulted in a higher Unweighted Average Recall (UAR) than other considered
visual features. This suggests that eye gaze dynamics during speech are especially indicative
of the extent of bipolar disorder. Additionally, features presented in Table 5.3 are concatenated
together to enhance prediction on the development partition. This shows a similar trend in
the accuracy as shown in Table 5.2. Similarly, Table 5.4 shows a regression analysis for each

feature type separately and concatenated together.

Table 5.2 Unweighted Average Recall (UAR%) for ternary classification on development set
using visual features form full recording.

Features Random forest | Bagging | Adaboost
Eye gaze 41.66% 65% 63%
Head pose 35% 48.33% 59.25%
AUs 35% 60.0% 58.66%
AUs,Pose,Eye gaze 48.5 % 66.33% 62.5%

Table 5.3 Unweighted Average Recall (UAR%) using features that produced highest classifica-
tion results from Table 5.2

Features

Random forest

Bagging

Adaboost

AUs,Pose,Eye gaze

0.5 %

62.33%

65.5%

Table 5.4 Mean Absolute Error (MAE) on development set using visual features form full
recording as per YMRS scores.

Features Random forest | Bagging | Adaboost
Eye gaze 11.3 8.9 8.2
Head pose 11.2 8.7 8.5
AUs 11.5 9.6 9.2
AUs,Pose,Eye gaze 11.4 10.2 8.1
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5.6.3 Model evaluation on 9 minute time windows

In this experiment, data samples are prepared using 9 minute time windows for each video
recording. Recordings less than this period are padded with zeros, while longer recordings
are sliced into equal 9 minute long segments. Statistical summaries were then extracted
from each time series and normalised using a robust scaling method (see section 4.1.4) using
scikit-learn learn machine learning library [266]. Results from this experiment are shown
in Table 5.5 below. These results need to be projected on full-length recording features to
evaluate the classification accuracy. This prediction produced results comparable to the full
recording experiment as shown in Table 5.6. Regression results for 9 minutes time-window

and the projection on full-length video recordings are shown in Table 5.7 and Table 5.8.

Table 5.5 Unweighted Average Recall (UAR%) for ternary classification on development set
using 9 minute time windows.

Features Random forest | Bagging | Adaboost
Eye gaze 41.18% 53.08% | 65.3%
Head pose 41.18% 55.33% 63.5%
Facial AU 47.36% 56.29% 61.32%
AUs,Pose,Eye 50 % 60.33% 62.5%

Table 5.6 Predicting unweighted Average Recall (UAR%) on full video length using 9 minute
time windows model.

Features Random forest | Bagging | Adaboost
Eye gaze 39.5% 50.23% 63%
Head pose 42.25% 54.53% 61.33%

AUs 48.86% 54.40% 59.48%
AUs,Pose,Eye 48.36 % 58.33% 61%
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Table 5.7 Mean Absolute Error (MAE) on development set using 9 minute time windows as
per YMRS scores.

Features Random forest | Bagging | Adaboost
Eye gaze 11.3 8.9 8.2
Head pose 11.2 8.7 8.5
AUs 11.5 9.6 9.2
AUs,Pose,Eye gaze 11.4 10.2 8.1

Table 5.8 Predicting mean Absolute Error (MAE) for full video length using 9 minute time
windows model.

Features Random forest | Bagging | Adaboost
Eye gaze 12.8 11.23 9.4
Head pose 11.9 9.8 9.7
AUs 12.3 10.6 9.6
AUs,Pose,Eye gaze 10.2 9.8 8.9

5.7 Transfer learning for automated BD diagnosis

This experiment aims to develop and train a deep learning model for Facial Expression
Recognition (FER) with fixed categories (e,g, neutral, sad, contempt, happy, surprise, fear
and angry) using static images. This model is then utilised as a transfer learning tool to
obtain emotional profile estimates for each image in the AVEC2018 video recordings. Transfer
learning utilises knowledge gained from a deep learning task to solve a related problem.
The transfer-ability of features increases as the used dataset are related for both tasks [267].
Inspired by the Visual Geometry Group (VGG-Face) model [268], three different network
architectures (shallow, semi-shallow and deep) have been designed and adjusted to fit the

image spatial dimensions and compared by their performance using FER2013 dataset[45].

5.7.1 Data pre-processing

Preparing quality data for different data science tasks such as pattern recognition and

machine learning is a crucial requirement which impacts the system performance [269].
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Applying data pre-processing techniques can help to speed up training and enhance the
performance of CNNs. For this task, data samples must have the same spatial dimensions
and normalised between 0 and 1 by dividing each image pixel by 255 in image samples. Data
standardisation is another technique that can be done by calculating all images’ mean and
subtracting this value with all the images. The new mean of all images is now equal to zero.
The images are then divided by the standard deviation of all images. Data augmentation
is another technique that can be applied to get better performance from CNNs. This can
increase the quantity of data, provide a type of regularisation and have more data variation.
This technique can be can reduce the overfitting and enhance the network performance.

Common data augmentation techniques are :

* Flipping: Flip an image horizontally or vertically to provide a different sample.

Rotation : Rotate an image from the center point with an angle from 0 to 360.

Stretching : Stretch an image vertically of horizontally.

Rescaling : Rescale an image with the spatial dimensions, this is to provide a different

size of the image within it is given initial dimensions.

In this experiment, training and test images for the experimented models were resized to
48x48 pixels and converted to grayscale. Then, images are normalised between 0 and 1, and

the list above techniques are used for data augmentation technique.

5.7.2 Deep learning models for facial emotion recognition

Data samples are pre-processed according to the techniques mentioned in the previous
section. As shown in Figure 5.4, the feature extraction block in each architecture is represented
by multiple stacks of ReLU-activated 2D convolutional layers with 3x3 kernels alternated by
max-pooling operators for downsampling. Such structure produces a hierarchy of features at
the various spatial scales. The fully connected layers perform feature selection and classifica-
tion in every given model variation on top of the model. This analysis’s model variations differ

mainly by the number of stacked convolutional layers between the downsampling operators.

89



Chapter 5 — Bipolar disorder data exploration

The deep architecture features 3 Conv2D layers between max pooling and higher compu-
tational complexity, while the shallow network has only one convolutional layer between

downsampling steps and can be trained much faster.
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Figure 5.4 Network architectures for FER recognition. (a) shallow network, (b) semi-shallow
network and (c) deep network.

5.7.3 FER model selection

To compare the three designed architectures’ performance, the depth of the network

and hyper-parameter tuning for each network is investigated to achieve the best model
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performance to compare the three designed architectures’ performance. Data is split into
training and test partitions, where the network is trained on the training set and validated by
the test set. The model training and validation tests investigate the capabilities of shallow,
semi-shallow and deep neural networks for FER task. Each model evaluation is implemented
using 10-fold cross-validation. Every cross-validation fold includes 90% training data and
10% testing data. In such a model evaluation scheme, the semi-shallow model has achieved
better accuracy than the other variants. Figure 5.5 shows the semi-shallow network’s perfor-
mance on the validation and test data. It is clear from the figure that the validation accuracy
increases gradually after every epoch, while the test becomes nearly stable after 10 epochs.
Figure 5.6 shows the model loss for training and validation. Both plots show an indication
of overfitting as the improvement of the training and testing stops. This is because of the
limited data provided. Therefore, the network cannot improve learning accuracy or provide
useful information for new test samples to get the best model weights. Early stopping method
is used once the model performance stops improving on a hold out validation dataset. The
performance of the three different network architectures is shown in Table 5.9. Based on these
results, the model produced using the semi-shallow network is selected as a transfer learning
model. The best network weights are saved for transfer learning feature extraction, employed
in the next sections. Transfer learning features are produced by applying the FER-trained
model on images from the AVEC2018 videos and extracting the last dense layer’s outputs
before the softmax layer obtaining the 1x256 feature vector for each image the AVEC2018

dataset.

Table 5.9 FER recognition accuracy for the developed deep Networks using 10-fold cross-
validation

Network size | Training Accuracy | Test Accuracy
Shallow 50.22% 57.80%
Semi-shallow 80.05% 63.80%
Deep 93% 61.22%
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Figure 5.5 Loss function of the training process for the shallow network.
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Figure 5.6 The loss function of the training process for the shallow network.

5.7.4 The application of transfer learning features to BD diagnosis

To utilise from the transfer learning technique, two pre-trained models were investigated.
The first model is the semi-shallow model developed in the last section and the second model

is the Visual Geometry Group (VGG) model developed for face recognition. The AVEC2018
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dataset images were prepared by extracting images from each video frame, adjusting their

sizes to fit the investigated models’ requirements. Details of the tested models are given below

* FER model transfer learning: facial images are extracted and aligned for each video
frame in the AVEC2018 dataset, then the weights from the experiment in section 5.7.3
are used to extract pre-trained facial emotion features from the layer before the fully
connected layer which produces feature matrix of size 1x256. These features were
combined into an effective (n x d) time series representation to describe the video at
each frame-level where 7 is the number of video frames and d is the learned features.
Considering that features at each column Di represent a specific emotion, the dynamic
change of emotions are computed over time to extract several statistical features. The
functions used to extract statistical descriptors are minimum, maximum, median, aver-
age, standard deviation, skewness and kurtosis. Python implementation was employed

for extracting all the statistical descriptors.

* VGG-face: Visual Geometry Group (VGG), is a university of oxford, UK, a research
group that have designed several well-known neural network architectures for object
and face detection such as VGG16, VGG19 and VGG-Face [101] [268]. These networks
have different layer size and speed in processing the data (e.g. 37 layers for VGG-Face,
16 layers for VGG16). In theory, VGG-Face is more suitable for FER as it was trained
for the recognition of 2622 faces and shown state-of-the-art performance on several
databases for face recognition[270]. The required input image size is (224x224x3)
processed through a stack of convolutional layers, where the kernel size for each of
the convolution layers is 3x3 with 1 padding and strides of 1. The fully connected
layer handles the connection of features produced from the early convolution layers.
These include edges, blobs and facial parts. Image features such as edges, blobs and
facial parts are learned in the early layers separately. Fully connected layers handle
the interconnectivity of these features to produce a response. The feature vector of
4096 dimensions used to produce a deep representation of the given image sequences

extracted from video frames.
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As shown in Figure 5.7 features extracted from both models are processed using the machine
learning pipeline produced in Figure 4.2 in chapter 4. Features were investigated using full
recordings and 9-minute time windows. Table 5.10 shows the results obtained using features
from the full-length video recording. These features were then combined with AUs, pose and

eye features to test whether it can produce any classification improvement.

Model preparation
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Figure 5.7 Applying transfer learning technique on the AVEC2018 dataset using FER model.

Table 5.10 Classification of FER model, VGG-Face, AUs, pose and eye features on full record-
ings.

Feature Random forest | Bagging | Adaboost
Facial emotions 36% 61.33% 61.66%
VGG features 35% 50% 62.66%
VGG features,AUs,Pose,Eye, 35% 50% 63.66%
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5.8 Summary

This chapter investigated the AVEC2018 dataset using machine learning algorithms and
statistical analysis for the diagnosis of BD. Visual features were extracted according to the
description of BD in the YMRS test. Additionally, a deep learning model for facial emotion
recognition was developed. This model is used to detect emotion from video recordings
by applying transfer learning technique. Furthermore, image features from BD patients
recordings were extracted using VGG-face model. Classification and regression experiments
were conducted using visual features from full recordings and 9-minute time window lengths.
The purpose of these experiments was to assess the extracted features’ capability to classify
individuals into remission, hypo-mania and mania classes and predict patients YMRS score.
The aim is to get the most descriptive features from the huge features vector and save machine

learning model predictions to be used in the next chapter experiments.
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Chapter 6

Deep learning for automated

micro-expression modelling

In the previous chapter, the visual features extracted from video recordings of BD patients has
been investigated using machine learning algorithms and statistical analysis. Useful features
were obtained together with predictions for classification and regression tasks. These features’
temporal trajectories were encoded using a set of statistical functionals applied to the whole
recording duration, omitting short-scale sequences that represent facial micro-expressions
indicative of the subject mental state. This limitation can be addressed using the deep learning
paradigm, which offers automated feature design capabilities and representation learning at
multiple time scales. This chapter is dedicated to the design of convolutional neural network
architecture for automatic extraction of behavioural audio/visual features during the speech.
By assuming that patients who share common behavioural patterns are likely to show similar
physiological features, the comprehensive modelling of behaviours observable in data may
produce indicative features for bipolar disorder diagnosis. This type of complex analysis is
possible with the recent advances in artificial neural networks, which has provided research
communities with new tools for data-driven automatic feature extraction from the available
observations. This chapter describes multiple novel deep learning architectures that can
capture episodic visual events commonly occurring in mental disorders. Several experiments
were conducted exploring different deep learning architectures inspired by ResNet [271] and

GoogLeNet [272]. In addition to that, a novel network output structure for simultaneous multi-
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purpose inference is introduced in the current chapter. The proposed network architecture
has achieved evaluation accuracy results comparable to the state-of-the-art submissions
for the AVEC2014 and the AVEC2018 challenges. The rest of the chapter is organised as
follows: Section 6.1 describes data preparation for the AVEC2018 data. Section 6.2 provides
an overview of the proposed deep learning architecture is introduced. Section 6.3 explains
the output of the proposed deep learning architecture. Section 6.4 investigates several deep
learning architectures for temporal feature extraction. Section 6.5 tests the proposed deep
learning architecture on the AVEC2014 dataset. Section 6.6 presents the results and compares

them with the literature. Finally, section 6.7 shows the discussion.

6.1 Data preparation

Time series analysis with Artificial Nural Networks (ANNs) asserts two major requirements
for data pre-processing. Firstly, the input time series must be normalised to [-1, 1] or [0, 1]
range, where non-linear activation functions commonly operate. Considering the amount of
outlier data points in time series, a robust scaling method was selected. This method obtains
normalisation statistics from an interquartile range of time series. Therefore, outliers in data
do not contribute to the mean and standard deviation values used for standard normalisation.
Secondly, time-series epoch lengths must be standardised to allow for inter-subject data
analysis. This was achieved by segmenting the original videos into overlapping time windows
of fixed length and zero-padding recordings shorter than the defined time window. To prohibit
the zero-padded areas from affecting the feature extraction, a binary mask was obtained for
each observation, with values of 0 marking the zero-padded region and values of 1 otherwise.
Thus, input time series of different feature types (AUs, gaze, pose, etc) are represented by
tensors D € R™*Ns and a mask M € R™*!, where T is the time window length and Ny is

time-series depth (number of features per timestep).
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Figure 6.1 A general overview of the proposed modelling approach.

6.2 Deep learning architecture overview

Facial micro-expressions occur at short time scales of up to 500 milliseconds, and subtle inten-
sity [273]. In mental disorders, these micro-expressions can be regraded as temporal events
which can happen at different scales. This micro-expression carry useful information about
behavioural patterns in these disorders. In the AVEC2018 dataset these micro-expressions
are contained in short sequences of the available visual features such as eye gaze, head pose
and facial action units (AUs), that can be captured using deep learning networks. The generic
architecture, shown in Figure 6.1, represents the proposed approach for hierarchical extrac-
tion and interpretation of indicative time-domain sequences at multiple time scales. This
concept can be applied to other mental conditions and data modalities and obtain a feature
hierarchy directly from data without the domain knowledge about the related symptoms. The
following sections overview the proposed network output structure and the investigated types

of temporal feature extraction modules.
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6.3 The proposed network output structure

The proposed network output consists of a stack of regularised fully connected layers that
support dimensionality reduction, i.e. feature selection and fusion, and the calculation of
regression and ternary classification output. The following sections describe several net-
work output structure variations, which aim to incorporate the knowledge about how the

observations were labelled and the outcomes of analysis discussed in chapter 5.

6.3.1 Hand-crafted features

Feature engineering is the most crucial step required to make initial input more amenable
to processing machine learning algorithms. This step requires manually engineer good
representations of data. On the other hand, deep learning completely automates feature
engineering replacing sophisticated multistage machine learning pipelines with end-to-
end models. These models can automatically learn filters at different levels that can come
up with its own mechanism for feature extraction. Hand-crafted features are designed to
capture descriptive characteristics of a given subject e.g.image colour or texture. Given a
large number of network parameters, Deep Neural Network (DNN) optimisation space can
be huge. Building on this concept, it is considered that hand-crafted features can supply
complementary information for deep features. To investigate this concept, pre-summarised
features from experiments in chapter 5 (section 5.6.3) were concatenated with output from
the developed DNN model. These features were selected based on the highest Unweighted

Average Recall (UAR) achieved using 9 minute time windows.

6.3.2 Residual learning

Classification and regression predictions obtained from experiments in section 5.6.3 were

utilised in the output structure of proposed DNN architecture as given in equation 6.3.1 below

Y =Yer +AY (6.3.1)
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Where Y7 is the label predicted by an Extra Random Trees estimator described in section
(5.6) and AY is the output of the proposed DNN. From this equation, it can be seen that
the proposed DNN architecture aims to adjust the weak Extra Trees prediction. This can be

considered an estimator boosting mechanism. Figure 6.2 illustrates the proposed mechanism.
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Figure 6.2 A general overview of the proposed residual learning technique.

6.3.3 Translating regression into classification

In the AVEC2018 dataset, the classes are drawn from different ranges of YMRS scores, as
discussed in section 5.3. For each given class in the dataset, there are different ranges of YMRS
scores that represent each of the three classes (remission, Hypo-mania and mania). However,
there is ambiguity at the classes’ boundary; for example, it is not clear whether YMRS score 7
is remission or hypo-mania. This means that the three classes are not completely separated
based on the subjective self-reported measure. Based on this fact, the translation of regression
targets into remission, hypo-mania and mania classes using the fuzzy membership functions
as shown in Figure 6.3 proposed. In this way, classes will have a meaningful representation of
YMRS scores. To implement this approach, two boundary values between the classes (7,20)
were used. If a value is passed, an estimation is returned, which tells if the predicted YMRS
value is completely related to a specific class or represents a combination of two classes. Three
membership function based on sigmoid were employed. By adding residual learning to the

model output and translating regression to classification, the proposed model produced six
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different outputs, namely: direct model classification, direct model regression, direct model
residual regression to classification, residual classification, residual regression and residual
regression to classification. By having these different outputs, the feature extraction part of
the proposed model is trained to be useful for all of the output and not specialised toward
generating useful features for a specific type of output. In this way, the model will be able to

generalise for all the outputs.

1 —— Remission
Hypomania
—— Mania
0.8
0.6
0.4
0.2

Figure 6.3 Class membership functions for regression to classification translation.

6.4 Investigated deep learning architectures

In this section, several deep learning architectures for temporal feature extraction were
investigated. First, a conventional CNN model is created using a series of 1D convolutional
layers (Conv1D) with maxpoling layers for downsampling. As Conv1D layers are limited to a
fixed filter size, the second experiment employed multiple stacks of parallel convolutional
layer blocks of different scales inspired by GoogLeNet Inception module [272]. Finally, group

convolutions and modules based on ResNext [271] are evaluated.

101



Chapter 6 — Deep learning for automated micro-expression modelling

6.4.1 CNN architecture for Sequence extraction.

First, a standard CNN architecture of stacked convolutional and downsampling layers was
evaluated as shown in Figure 6.4. The aim is to develop a feature extraction sequence that
can characterise useful features at different time scales according to the number of employed
stacks. The notation (ConvlD, 3, 32, /1) represents a 1D convolutional layer with filter size 3,

the number of filters 32 applied with strides 1, representing the time shift step.

Figure 6.5 illustrates the concept of time-scaled feature extraction approach. Extracting
features at various scales using 1D CNN layers will produce a high dimensional time series
data, and features from different epochs may often have different scales. Such effects will
impact the fully connected layers that process CNN features and produces classification and
regression outputs. This will make a direct analysis of temporal data difficult. This issue
can be fixed by introducing a global average pooling operation at the link between CNN and
fully connected layers representing the maximum, mean and standard deviation scope of
the feature over time. This model performs combined time series analysis with conventional

hand-crafted features and transfers learning model features. Output from these stacks is
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Figure 6.4 CNN architecture for Sequence extraction (CLF: Classification, Reg2clf: Regression
to Classification, Reg: Regression).
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concatenated and followed by batch normalisation [274] and non-linear Rectified Linear
Unit [275]. Table 6.1 shows the model evaluation results on the development set for different
outputs (direct and residual). Three results were obtained for each output type, namely

classification (clf), regression (reg) and regression to classification (reg2clf).
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Figure 6.5 Proposed multi-time scale feature extraction.

Table 6.1 Unweighted Average Recall (UAR%) and mean absolute error from evaluation on the
development set using the CNN sequence extraction model.

Classification Outputs Result, UAR %
Model classification 53.2
Residual regression to classification 53.50
Residual classification 55
Regression outputs MAE, YMRS units
Model regression 12.2
Residual regression 11.5

6.4.2 Inception architecture for temporal modelling

As the architecture presented in the previous section used a single ConvlD layer as a

building block in a sequential stack, this may discard valuable information from the video
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recording. Given that the episodic structure of visual events happens at different time scales,
the extraction of time-scaled feature sequences using 1D convolutional (Conv1D) layers is
difficult as there is the uncertainty of the correct feature extraction scale and filter size. To
handle this issue, an architecture adopted from the GooglLeNet Inception module [272] for
the temporal case was developed. This architecture includes several parallel Conv1D filters of

different scales, as shown in Figure 6.6.
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Figure 6.6 Inception module architecture.

The outputs from the parallel pathways are concatenated by the depth dimension and fol-
lowed by batch normalisation [274] and non-linear Rectified Linear Unit [275]. The Inception
module usage in the event extraction sequence is shown in Figure 6.7. In the proposed variant
of Inception module, four parallel logarithmically scaled Conv1D filters, and a MaxPool/2
operation is used as building blocks. In each block, the linear combination of the input
feature map is calculated, producing a high dimension feature vector which is downsam-
pled by applying maxpooling. In this way, features are extracted at multi time scales to find
useful representations. Next, inception module is used again to find a new representation
of the downsampled data followed by batch normalisation [274] and a non-linear Rectified

Unit [275]. Repeating this structure creates a set of time-scaled feature extraction pathways.
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Depending on the used number of sequence extraction blocks, features can be extracted on
multiple time scales. Three sequence extraction blocks have been employed to capture visual
features on three-time scales, wherein each sequence extraction block features are extracted
according to the Conv1D filter size. In the first sequence, block features are extracted in the
range of 3.75 milliseconds given that 8 is that largest filter size. After max pooling operation,
the next sequence extraction block will extract features in the range of 0.5 seconds. To control
the dimensionality after the inception module, an additional Conv1D layer with ReLu activa-

tion was utilised. Table 6.2 shows the AVEC2018 development dataset UAR results obtained

from the proposed temporal Inception model.

Inception module
Maxpool/2
Inception module

Batch Normalization

Relu

Concatenate

Figure 6.7 Sequence extraction block.

Table 6.2 Unweighted Average Recall (UAR%) and regression results for the development set

using inception sequence extraction model.

Classification Outputs Result, UAR %
Direct model classification 56%
Direct model regression to classification 58%
Residual classification 61%
Residual regression to classification 55.3%
Regression outputs MAE, YMRS units
Model regression 11.3
Residual regression 8.5
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6.4.3 ResNext for temporal modelling

The Residual Network (ResNet) architecture [106] have demonstrated a significant per-
formance increase in image classification and object detection tasks. This architecture in-
troduced a new network structure consisting of several shallow units called residual units.
These units are composed of convolution, Batch Normalisation (BN) and rectified linear unit
(ReLU) with a shortcut connection passed to the output of the residual units as shown in
Figure 6.8. In the proposed variant of Inception module, four parallel logarithmically scaled
ConvlD filters, and a MaxPool/2 operation is used as building blocks. In each block, the linear
combination of the input feature map is calculated, producing a high dimension feature
vector which is downsampled by applying maxpooling. In this way, features are extracted at
multi time scales to find useful representations. This technique solved the gradient fading
problem and resulted in the ability to train much deeper networks than what was previously

possible. A ResNet with two stacked blocks is defined as:

y=F(x,W;+x) (6.4.1)

where x is the input to building block, y is the output of the residual block and F(x, Wi) is the
residual mapping to be learned. This can be implemented as Feed Forward Neural Network
(FFNN) with identity shortcut output added to the output of the stacked layers.

Inspired by this concept, [271] proposed a deep neural network called ResNext. This
architecture has a combination of stacked blocks of ResNet and the split-transform-merge
strategy behind Inception modules. Grouped convolution concept from [100] was employed
in ResNext. It consists of creating a deep network with some layers and then replicating it so
that there are more than 1 pathways for convolutions on a single image. Then the resulting
feature outputs are aggregated by summation. A new hyperparameter is also proposed called
cardinality, which refers to the number of intermediate convolutional layer groups to provide
a new way of adjusting the model capacity. In their experiments, Xie et al. [271] showed that
increasing cardinality has been more useful in increasing accuracy rather than using a wider
or deeper network. Inspired by ResNext, a novel CNN architecture for temporal sequence

extraction is proposed, as shown in Figure 6.9.
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Activation function ‘

Figure 6.8 ResNet architecture proposed by [106].

This proposed architecture allows for a much deeper model to be trained while having
the same amount of observation. This is useful in the case of the AVEC2018 dataset as there

is a limited number of samples. The adapted architecture uses stacks of aggregated residual
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Figure 6.9 Resnext architecture for Sequence extraction (CLF: Classification, Reg2clf: Regres-
sion to Classification, Reg: Regression).
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transformations where each stack features are processed in different time scale. This is based
on the assumption that the indicative behavioural events happen at different time scales.
Residual learning skip connection was used as discussed in section 6.3.2 to enable the network
to start from an optimised feature space and improve classification and regression accuracy.
The first building block of the proposed architecture is the bottleneck block Figure 6.10 and

Table 6.3 describes the proposed architecture.

Where the incoming time series are divided into low dimensional embedding. A set
of transformations are performed on each path, and finally, the output is aggregated by
summation. As the input time series data is composed of different features, it is important to
pre-process them separately without mixing the channels. To implement this, the input to the
proposed network is processed using depthwise separable convolutions which perform spatial
convolution independently over every channel of the input time series. This is followed by a
regular convolution with 1x1 windows, projecting the channels computed by the depthwise
convolution onto a new channel space. After the pre-processing layer, many activation
maps are generated by the network (group2) using convolutional filters (32x5x5). Groups
3-7 correspond to the residual module, where each group is a stack of residual blocks, as
shown in Figure 6.9. There are three convolutional layers in each group with filter sizes 1x1
and 3x3. Batch normalisation and ReLu activation layer are applied after each residual block

transformations follow the same topology as ResNext, and the size of such transformations is

32-d in
32, 1x1 32, 1x1 32 1x1
l L Total 16 L
32,3x3, 4 32, 3x3, 4 paths 32,3x3, 4
1x1, 64 1x1, 64 1x1, 64

T

Figure 6.10 ResNext module architecture proposed in [271].

64-d out
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16. Global weighted average pooling is applied to the time-series features from ResNext stacks.
Then, the output features from this operation are concatenated with the pre-summarised
features and passed to the six different output, two of which are softmax-activated. This
layer gives the probability of distribution over the three class labels. Table 6.4 shows results
obtained from employing ResNext sequence extraction model on the AVEC2018 development

set.

Table 6.3 Proposed ResNext architecture. Brackets represent the shape of a residual block. A
layer is shown as (Filter size, Output channels).

Group | Output size Process Times
Group 1 32x32 SeparableConvlD x1
Group 2 32x32 5x5,32, stride 2 x1

1x1, 32
Group 3 32x64 3x3, 32, C=16 x3
1x1, 64
1x1, 64
Group 4 32x128 3x3, 64, C=16 x3
1x1, 128
1x1, 128
Group 5 28x256 3x3, 128, C=16 x3
1x1, 256
1x1, 256
Group 6 256x512 ( 3x3, 256, C=16 ) x3
1x1, 512
1x1, 512
Group 7 512x1024 ( 3x3, 512, C=16 ) X3
1x1, 1024
Weighted global average pool,
Group 7 1x1 Fully connected layers x1
, Softmax
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Table 6.4 Unweighted Average Recall (UAR%) and regression results for the development set
using ResNext sequence extraction model.

Classification outputs Result, UAR %
Direct model classification 51.3%
Direct model regression to classification 61%
Residual classification 66 %
Residual regression to classification 63%
Regression outputs MAE, YMRS units
Model regression 10.5
Residual regression 7.5

6.4.4 Hand-crafted feature modelling experiment

In this experiment, the capability of mapping arbitrary time series data into manually
extracted statistical functionals is investigated using the three proposed architectures in
previous sections. The aim is to utilise the proposed models’ discriminative features to be
employed as a pre-trained feature extractor model. This will allow passing time-series input

through it and test the model performance using the AVEC2018 dataset.

Manual feature extraction Observations l
[ Milliseconds features | 1 Second features | Multi-seconds features

‘ Regression Unit

" _ Predicted manual features MAE

Figure 6.11 The proposed statistical functional approximation test.
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As shown in Figure 6.11, the input for these thee structures is represented by robust scaled
time-series observations and hand-crafted features are summarised and fed as a target for
the model. Within this experiment, ResNext feature extractor (section 6.4.3) is compared with
Inception (section 6.4.2) and CNN temporal modelling blocks (6.4.1). Using the multi-scale
sequence extraction, the performance of these models were evaluated by MAE for each given
feature statistical summary. The three network architectures’ performance for predicting
statistical time series summaries is shown in Table 6.5. ResNext network outperforms the
network based on multiple stacks of CNNs and ResNe model. This means that ResNext can
accurately model most of the target statistical summaries. Based on these results, ResNext
model was used as a feature extractor model for the AVEC2018 dataset, as shown in Figure
6.12. Table 6.6 shows results obtained from this experiment on the AVEC2018 development

set.

Head pose Emotions Predictions from ET |

|

ResNext feature extractor ‘

‘ Fully connected layers ‘ /

| éM//

Model classification

Residual classification.

Figure 6.12 Proposed architecture for pre-trained hand-crafted feature extractor based on
ResNext model (CLF: Classification, Reg2clf: Regression to Classification, Reg: Regression).

Table 6.5 Statistical feature approximation results.

Approximator | Regression MAE
CNN 0.46
Inception 0.26
ResNext 0.16
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Table 6.6 Unweighted Average Recall (UAR%) and regression results for the development set
using ResNext hand-crafted features estimator as a pre-trained feature extractor model.

Classification Outputs Result, UAR
Direct model classification 35.59%
Direct model regression to classification 49.15%
Residual classification 64.40
Residual regression to classification 66.10%
Regression outputs MAE, YMRS units
Model regression 10.5
Residual regression 7.5

6.5 The application of the proposed model to automated de-

pression diagnosis

The AVEC2014 and the AVEC2013 sub-challenges aimed to detect signs of depression from
patients’ visual and vocal cues. Many participants proposed their methods to find a solution
for this task [199] [198] [202] [276]. LGBP-TOP features [277] extracted by [209] to generate
facial and Local Phase Quantisation (LPQ) features descriptor for the inner facial regions that
correspond to eyes and mouth area. These features were then utilised for regression using
Canonical Correlation Analysis (CCA) [278], generating an ensemble for depression score
prediction. These techniques use hand-crafted visual predictors and algorithms to search
for noticeable texture information, edges, and surface changes. Recently, deep learning has
been employed for depression analysis. For example, features from audio information, face
shape and facial appearance were investigated in [276]. For audio, YAAFE tool [279] was used
to extract features such as Mel-Frequency Cepstral Coefficients (MFCC) and Linear predictive
coding (LPC). For the Face appearance information, [276] pre-trained a DNN network on
the FER 2013 dataset and used it to extract face appearance information. Finally, for the
facial shape information, 49 facial landmarks were used to extract head movement and pose
features. Temporal dynamics of these multimodal features were modelled using Long Short
Term Memory (LSTM) network. Improvements in RMSE and MAE compared to the earlier
approaches was reported, but the model did not outperform the state-of-the-art results of

Williamson et al. [280]. The recent method proposed by Zhu et al. [208] introduced a two-
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stream deep CNNs with joint-tuning layers for depression prediction using facial appearance
features and facial dynamics features. The facial appearance features were extracted from a
GoogleNet model [272] pre-trained on the public CASIA WebFace database [281]. The facial
dynamics network was trained on the motion changes obtained from the optical flow images
each summarising 10 consecutive video frames. Considering the time scales of indicative
facial micro-expressions, this method may not be adequate to represent the subtle emotional
changes in depression. The following experiment intends to test the generalisability of
the proposed temporal feature extraction architectures (ConvlD, ResNext and Inception)
using AVEC 2014 depression dataset which includes 300 video recordings of 83 individuals
continuously assessed against individual Beck Depression Inventory-1I (BDI-II) scores [29].
As shown in Figure 6.13, DNN model refers to the architecture presented in section (6.4.3).
In this architecture, features were extracted at different time scales to observe the temporal
events that occurs dynamically along the feature sequence. Results for each of the proposed
architectures are presented in Table 6.7. Using ResNext architecture (6.4.3), the RMSE was 8.5
on test set while the MAE was 7.65 on test set. These results demonstrate the effectiveness of
the both models and especially ResNext-based one which achieved performance comparable
to the state-of-the-art. Results achieved on the AVEC2014 test set enables the comparison of
the proposed architectures with the previously reported results, listed in Table 6.8. Results
indicate that the proposed architecture outperforms most of the published methods and
delivers state-of-the-art performance using video data only without audio cues. However, in
the shown results audio features are utilised in many of them. This experiment indicates that
processing temporal information is important for depression diagnosis and ResNext model

characterizes the visual features dynamics efficiently.

Table 6.7 Continuous depression assessment result on the AVEC2014 using ConvlD,
GoogleNet inception [272] and ResNext [271].

Model MAE
ConvlD 11.5
GoogleNet inception | 8.5
ResNext 7.65
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Figure 6.13 The proposed architecture for the AVEC2014 depression diagnosis sub-challenge.

Table 6.8 Accuracy comparison of the published BDI-II regression approaches obtained from
evaluation on the AVEC2014 test set.

Methods RMSE | MAE
Baseline [168] 10.86 | 8.86
UUIMSidorov [282] | 13.87 | 11.20
InaoeBuap [200] 11.91 | 9.35

Brunel [199] 10.5 8.44
BU-CMPE [209] 9.97 7.96
Kaya [209] 10.2 8.20
zhu [208] 9.55 7.47

Proposed method 9.75 7.65

6.5.1 Transfer learning with the AVEC2014 dataset

To utilise the results achieved on the AVEC2014 dataset, transfer learning technique to
obtain depression features from bipolar disorder data by passing it through the AVEC2014
depression-trained model. To this end, input features are passed through the AVEC2014 model
and new features are generated from the layer before the fully connected layer in the AVEC2014

ResNext-based model. These features provide a useful interpretation of bipolar disorder data
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from the depression diagnosis point of view. This is inspired by the DSM-5 manual [15] which
states that bipolar disorder is identified by recurring periods of depression followed by mania
incidents. Similarly to the time series summaries, the extracted transfer learning features are
used as an additional input to the ResNext-adapted model concatenation layer, as shown in
Figure 6.14 below. Using the ResNext-adapted model, features were extracted at multi time
scales. First, features were extracted at the range of approximately 15 seconds using six stacks
of ResNext-model. Then three stakes are used to extract features at the range of 1 second.
As shown in Table 6.9 and Table 6.10, fewer stacks produced the best result for remission,
hypo-mania, mania classification, and regression. This might highlight the fact that useful
events in mental disorders happen in a concise period of time. Additionally, results confirm

that there is a relationship between depression symptoms and bipolar disorders.

Feature extraction
g
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Figure 6.14 Adding transfer learning features from AVEC2014 model into ResNext Bipolar
model. (CLF: Classification, Reg2clf: Regression to Classification, Reg: Regression).
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Table 6.9 Unweighted Average Recall (UAR%) and regression (MAE) results for the AVEC 2018
development set using feature extracted at the range of 1 second by ResNext temporal model
utilising from features extracted by the pre-trained model on AVEC 2014.

Outputs ConvlD | Inception | ResNext
Direct model classification 45.56% 48.12% 50.84%
Direct model regression to classification | 50.33% 53.20% 61.33%
Model regression 11.5 10.33 7.6
Residual classification 52.40% 61.2% 69.50%
Residual regression to classification 50.10% 60.33% | 66.10%
Residual regression 10.8 9.5 6.8

Table 6.10 Unweighted Average Recall (UAR%) and regression (MAE) results for the the
AVEC2018 development set using feature extracted at the range of 15 seconds by ResNext
temporal model utilising from features extracted by the pre-trained model on the AVEC2014.

Outputs ConvlD | Inception | ResNext
Direct model classification 42.44% 46.30% 51.65%
Direct model regression to classification | 49.65% 51.33% 60.10%
Model regression 12.1 10.66 8.4
Residual classification 51.33% 60.20% 62.53%
Residual regression to classification 49.15% 59.31% 61.5
Residual regression 11.5 9.8 7.4

6.5.2 Using Audio/Video modalities for bipolar disorder diagnosis

In this experiment, audio features from Extended Geneva Minimalistic Acoustic Parameter

Set (eGeMAPS) were utilised using ResNext temporal model (section 6.4.3) to build a temporal

audio model. Using the best model, features extracted the last fully connected layers. These

features were concatenated with the weighted global average pooling of the temporal ResNext

model for visual features as shown in Figure 6.15 below. This model architecture has achieved

the best UAR results on the AVEC2018 development set, as shown in Table 6.11 below.
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Figure 6.15 Adding transfer learning features from AVEC2018 audio model into AVEC 2018
visual feature model. (CLF: Classification, Reg2clf: Regression to Classification, Reg: Regres-

sion).

Table 6.11 Unweighted Average Recall (UAR%) and regression results for the development set
using ResNext sequence extraction model with audio features from transfer learning model.

Classification outputs Result, UAR %
Direct model classification 60.3%
Direct model regression to classification 63%
Residual classification 74 %
Residual regression to classification 67%
Regression outputs MAE, YMRS units
Model regression 10.3
Residual regression 6.70

6.6 Results

Several experiments were performed to find out the effectiveness of the proposed deep

learning architectures in previous sections. Different time scales for feature extraction have

been explored in the proposed deep learning architectures. Extraction of features on a

117



Chapter 6 — Deep learning for automated micro-expression modelling

scale of approximately 1 second provided higher classification and regression accuracies
for the residual learning outputs. In contrast, the direct model classification and regression
output branches did not provide better results in any considered time windows. This might
indicate that important visual events happen at a very subtle scale (i.e., 1/25s to 1/5s,40
milliseconds), which is very hard to be noticed by clinicians. ResNext-based architecture with
transfer learning features from eGeMAPS model achieved the highest classification (UAR)
and regression (MAE) results as shown in Table Table 6.12 below. This model was utilised to
predict the test set labels of the AVEC2018. Results showed comparable performance to the

state-of-the-art baseline model.

Table 6.12 Comparison of bipolar classification results (UAR %) to other methods on the
AVEC2018 development dataset.

Methods Developement UAR % | Test UAR%

Baseline video[120] 55.82% 46.30%
Baseline audio[120] 55.03% 50%

Baseline video + audio[120] 60.32% 57.4%

Syed et al. [261] N/A 57.41%

Duetal. [121] 65.51 % 57.41%

Yang et al. [260] 71.41 % 57.41%

Proposed method 64% 55.56%

6.7 Discussion

Experiments in this chapter aimed to develop an automated BD screening tool using video
features. The test partition labels kept by the organisers of the AVEC2018 workshop to enable
participants to develop methods for automated screening using training and development
partitions and test the performance of their developed models on the test partition. As shown
in Table 6.12, the test set’s visual modality results outperformed the baseline results on devel-
opment and test datasets for both modalities. Although the test set results for both modalities
were lower than the baseline by a small margin, the experiments show that the proposed
model is generalised on both depression and BD datasets. Therefore, this model can be used

as universal features extractor for mental disorders. Comparing results with other studies,
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Du et al. [121] used IncepLSTM which integrates the capabilities of LTSM and a CNN based
Inception module to capture temporal features from acoustic Low-Level Descriptors (LLDs)
for the task of detecting the three states of BD. To improve the performance of IncepLSTM,
they proposed the severity-sensitivity loss to optimise the cost of reducing the distances
between the examples within the same class and increasing the distances between different
classes. Du et al. compared the performance of their proposed method using three SVM
models: (a) SVM classifier developed using MFCCs together with its velocity and acceleration
features, (b) SVM classifier developed using eGeMAPS features [283], and (c) SVM classifier
developed using DeepSpectum variables [284]. The Reported results show that InceptLSTM
model achieved higher UAR than the three SVM models on the development partition. How-
ever, the performance of Du et al. model is not reported on the test partition. In another study,
Xing et al. [285] proposed a method based on Gone et al. [286] who found that features from
video, audio and text are effective for the task of automated depression screening. Xing et al.
utilised Google Cloud Platform (GCP) to transcribe the AVEC2018 recordings as organisers of
the AVEC2018 challenges did not provide interview transcripts. Next, audio/visual recordings
sorted into three sets: negative, positive and natural according to the language’s valence.
Xing et al. computed many audio features, including Mel Frequency Cepstral Coefficients
(MFCC) and eGeMAPS. Motion History Histogram feature extracted based on action units
and Ekman’s seven basic emotions for video modality. Analysis of Variance (ANOVA) [287] was
used for feature selection since Xing et al. obtained a large set of features. Extreme Gradient
Boosting (XGBoost) algorithm [288] was used to evaluate the proposed method achieving an
impressive UAR of 86.77% on the development partition. However, the accuracy decreased
to 57.41% on the test partition. Clearly, this sharp decrease suggests an overfitting issue of
their model on the development partition. This means that the model built using a set of
features that maximises the performance with development partition. Therefore, the model’s
performance on the test partition dropped as the features differed between the two partitions.
Another study by Yang et al. [260] proposed histogram-based arousal features for the task of
automatic bipolar severity estimation. However, since arousal points were not provided in the
AVEC2018 dataset, the authors trained LSTM-RNN model to predict arousal scores of subjects

in the AVEC2018 dataset using the AVEC2015 dataset. These scores were concatenated using
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histograms to create a unified global representation of all samples’ arousal scores. The authors
used OpenSmile toolkit [262] to compute several audio features, OpenPose [289], to capture
body movements and action units. Due to the huge number of extracted features, Yang et al.
used brute force forward search algorithm [290], SVM classifier and correlation-based feature
selection procedure [291] to optimise the dimensionality of their features. Finally, the evalua-
tion model built by fusing DNN and Random Forest classifier. They achieved UAR of 71.41%
on the development partition and dropped to 57.41% for the test partition. Although Yang et
al. used several modalities to develop several classifiers, they only achieved similar results
to the baseline. Lastly, Syed et al. [261] proposed features known as "turbulence-features"
to capture the facial features using OpenFace toolkit [84] to get facial movement changes
and emotional variations that might happen due to the severity of bipolar states. Lastly, they
introduced the Greedy Ensembles of Weighted Extreme Learning Machines (GEWELMs) as an
evaluation model. Although Syed et al. model is considered complex, the best UAR achieved
was 57.41% on the test partition. Additionally, the UAR on the development partition was not

reported to determine whether their model has an overfitting issue.

6.8 Conclusion

This chapter was dedicated to developing bipolar disorder and depression automatic diag-
nosis systems based on deep learning. The proposed approach aims to model physiological
predictors’ complex temporal trajectories using various convolutional neural network archi-
tectures. These sequential features represent indicative behavioural patterns that occur at
multiple time scales. Inspired by ResNext [271] and GoogLeNet [272] architectures, a novel
multi-time scale feature extractor for audiovisual behavioural time series was developed and
evaluated. Additionally, the feature extractor model performance was boosted by introducing
residual learning concept, where summarised features and predictions from classical machine
learning algorithms are fed into the deep learning model.

This enables deep learning model to learn supplementary features in addition to the
manually extracted predictors, known from the domain research. Also, as regression and

classification targets in the AVEC2018 are based on the scoring of YMRS, continuous regression
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targets were translated into classes of bipolar subjects. These two methods have shown
a better performance than the conventional direct network output. To test whether the
proposed model can generalise to other mental disorder diagnoses, the AVEC2014 depression
dataset was tested. The sequence extraction architecture based on ResNext model delivered
comparable performance to the state-of-the-art methods. The same architecture trained on
the AVEC2014 dataset utilised as a transfer learning model to extract descriptive features for
bipolar disorder as both disorders are related. This experiment achieved highest predicting
for the severity of mania prediction on development set and comparable performance to the

state-of-the-art on the AVEC2018 test set.
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Chapter 7

Conclusions and Future Works

This thesis investigated the development of several methods for automatic mental disorder
diagnosis. For this purpose, a novel eye blink detection technique had been developed to
address the limitation of using eye blink features in mental disorder diagnosis. Later, this
technique was used to diagnose depression disorder and combined with other visual features
to discriminate neurodegenerative diseases from other patients with a functional memory
disorder. Furthermore, visual-based screening was developed to model visual behaviours
during a speech in BD disorders, which helped diagnose BD disorder symptoms from other
health controls. Additionally, this method showed it is useful in diagnosing depression
patients, which means the developed system generalises well for different mental disorders.

Recent studies have shown that mental disorders are serious health problems that impact
many individuals worldwide. The World Health Organisation (WHO) considers depression
as the main causes of disability worldwide, whereby an estimated 300 million people are
affected by depression [3]. The same issue is applied to BD, which impacts around 60 million
people worldwide [3]. Dementia is affecting more than 850,000 people in the UK with care
cost exceeding £26.3 billion per year [292].

Depression is a psychiatric mental disorder result from a sudden stressful event affecting
an individual’s life. Depression causes a continues feeling of sadness, hard to handle everyday
responsibilities and negativity. Usually, triggers suicidal thoughts to end one’s life [293].
The neurodegenerative disorder is composed of a group of symptoms such as a decline in

memory, judgement, reasoning and daily life activities. Also, neurodegenerative disorder

122



Chapter 7 — Conclusions and Future Works

affects visual appearance and speech performance. With the disease progression, patients
will have difficulties in expressing their needs and commutation. This will make the patients
isolate themselves from surrounding people, and others will show aggressive behaviours and
develop depression.

In regards to depression diagnosis, test are based on interviews assessment and patients
self-report, for example, the Hamilton Rating Scale for Depression. These tests measure the
severity of symptoms and behaviours based on a test score range. However, using this method
for assessment depends on the patient’s ability to report their symptoms honestly. As a result,
the diagnosis process is time-consuming and involves a huge amount of clinical training and
trials to produce satisfactory results. Similarly, BD diagnosis depends on a questionnaire style
interview to assess mania’s existence and its severity. Neurodegenerative disorder diagnosis is
challenging due to the memory concerns that overlap with other disorders, such as depression,
functional memory disorders, or normal ageing. The tools used to diagnose patients with
a high risk of developing neurodegenerative disorders are either invasive, for example, the
CerebroSpinal Fluid (CSF) or costly, for example, Positron Emission Tomography (PET).
Therefore, developing non-invasive, automatic, and objective screening tools that can be
used frequently, easily administrated, and remotely applicable is high demand by health care
providers. This tool can speed up the diagnosis of mental disorders and provide the right
medication and care. This thesis has used the latest visual signal processing and machine
learning algorithms to develop an automated method for screening mental disorders. To this

end, the thesis attempted to find answers to research questions listed in chapter 1.

7.1 Conclusion of results

7.1.1 The feasibility of using facial landmark detectors for the develop-

ment of eye blink detection algorithm

Using eye blinks for mental disorder diagnoses such as depression and memory disorders
has been established in the literature. However, the techniques used in these studies were

either time-consuming and not suited for clinical applications [19, 127], or invasive [230].
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Therefore, to address this limitation, the first research question was how feasible it is to
develop eye blink detection algorithms using facial landmarks detectors. For this purpose,
Chapter 3 described a system that uses Zface facial landmark detector to localise eye region
landmarks to find the distance between eyelids when eyes are open or closed. Then, the
obtained signal is filtered using the Savitzky—Golay (SG) filter [164] and evaluated for blink
detection. This method’s effectiveness for eye blink detection has been investigated using
five publicly available datasets achieving state-of-the-art results. The finding of this work
was published in [294, 295] and contributed to answering the first and the second research

question.

7.1.2 The feasibility of using eye features to identify depression automat-
ically

Chapter 4 tested the efficacy of the proposed eye blink method to develop an automated
method for depression diagnosis using publicly provided datasets provided by the AVEC2014
challenge on depression severity prediction [168]. Using only eye blink detection features the
proposed depression evaluation method outperformed the baseline challenge results with
MAE of 7.4 and RMSE 0f 9.10 on the development set and MAE of 8.30 and RMSE of 10.50 for
the test set. The baseline results were MAE of 7.57 and RMSE of 9.31 on the development set
and MAE of 8.86 and RMSE of 10.86 for the test set. Based on these findings, the extracted eye
blink features showed their ability to diagnose the severity of depression with better results
than the baseline video and audio modalities for the AVEC2014. Results in this chapter provide

the answer for the second question, and The finding of this work was published in [296]

7.1.3 The feasibility of developing an automated system using visual fea-
tures for the detection of neurodegenerative disorders (ND), mild

cognitive impairment (MCI) and functional memory disorders (FMD)

The second part of chapter 5, the combination of eye blink features with visual features
extracted from head movements and eye gaze, was investigated to develop ND, MCI and

FMD automated diagnosis. This research developed with collaboration from neurologists at
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the Royal Hallamshire hospital in Sheffield. Visual features were extracted for each question
during the clinical interview to assess the contribution of each question. Then, features
extracted from all question were combined to investigate further how the results will change.
This study’s findings demonstrated that visual features could support patients’ initial diagnosis
with concerns related to ND. , FMD (i.e., subjective memory concerns unassociated with
objective cognitive deficits or risk of progression) and Mild Cognitive Impairment (MCI). This
method showed promising results with an accuracy ranged between 68% and 96% using
the Adaboost algorithm. Furthermore, findings showed that visual features from question
number 7 have the most distinctive features. This question is related to long-term memory,
highlighting the importance of further investigating this type of questions. The results in this

chapter provide the answer to the third research question.

7.1.4 The feasibility of employing behavioural micro-expression for BD?,
What is the importance of extracting visual features on different time
scales for automatic diagnosis of BD? and which deep learning net-
work architecture has the potential of extracting useful behavioural

patterns

Chapter 5 represents the first part of the proposed automated diagnosis for BD using the
AVEC2018 bipolar prediction challenge dataset [120]. Three data partition were provided
as audio/video recordings formed of 104 for training, 60 for development and 54 for the
test set. Training and development recording were labelled into three classes using YMRS:
remission, hypo-mania and mania. However, the labels for the test were not provided to the
public. The purpose of this challenge is to develop BD screening tool to help the clinicians
in diagnosis. Audio/visual features were extracted (i.e. eye gaze, head pose, AUs and facial
emotions) to model BD patients’ complex behaviour. The feasibility of extracted feature
was investigated using machine learning and different time-window lengths to support the
work on a deep learning model described in chapter 6. Results obtained from chapter 6
showed a promising performance of extracted features. In chapter 6, several convolutional

neural network architectures were developed for automatic extraction of feature temporal
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trajectories during the speech. Inspired by ResNext [271] and Inception models [272], a novel
deep learning architecture developed which can extract useful audio/visual features based
on multi-scale temporal modelling to characterise the facial micro-expressions in BD. The
intention was to build a multi-purpose deep learning feature extractor model to learn features
from different kinds of mood disorders. This is confirmed on the experiments conducted
on the AVEC2014 depression disorder dataset, which produced comparable results to the
state-of-the-art results with MAE=7.65 and RMSE=9.75. Additionally, the AVEC 2014 model
has been utilised as a transfer learning model to extract depression features from bipolar
disorder. This experiment achieved the highest UAR classification accuracy of 74%, which
outperformed baseline audio and video modalities reported in the AVEC2018 development
set. This model used to predict the test set labels, and the result from the dataset owners
was UAR 55.56%. This result shows the developed deep learning architecture’s generalisation
performance in capturing complex facial micro-expression in depression and the three BD

severity levels. The work in chapter 5 and chapter 6 answered the fourth research question.

7.2 Future research

The methods described in this thesis can be considered as a great contribution to continue in
the direction of automatic screening methods development based on audio/visual modalities.
Results achieved demonstrate the feasibility of using automatic behaviour analysis to diagnose
mood disorder conditions such as depression, bipolar and memory disorders. Below is some

suggested direction to expand the work done in this thesis.

7.2.1 Eyeblink detection

The proposed method for eye blink detection is based on the offline processing of eye
landmarks. It would be interesting to explore the development of an online method for eye
signal processing and investigate other combinations of signal filtering. Such addition might
provide a useful communication tool for another type of disabilities where the eye is the only

mean to communicate.
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7.2.2 Automated diagnosis of Depression

In this thesis, the proposed automated diagnosis method for depression disorder em-
ployed visual modality features (i.e. eye blink features). Future work can include evaluating
this approach on larger datasets for other mental disorders like anxiety, Attention deficit
hyperactivity disorder (ADHD), and Autism spectrum disorder (ASD). Moreover, given the
recent improvements in natural language processing (NLP) [297] [298] this feature can have
an important role to investigate in the field of automated diagnosis of mental disorders. Also,
features from behaviour signals like body movements have not been utilised in this thesis.
Adding this modality can result in comprehensive behaviour analysis as compared to eye

blink features alone.

7.2.3 Automated Screening of Bipolar

* In addition to the employed audio/visual features for automated bipolar diagnosis,
the efficacy of body movement analysis can be investigated using the developed deep
learning architecture for multi-scale temporal analysis. This modality agrees with the
YMRS description of bipolar disorder as it shows how an individual reacts to events
in normal daily life. Developing such algorithms will provide a complete behaviour

analysis as compared to audio/visual alone.

* Given that there are overlapping symptoms between depression, BD and neurodegener-
ative disorders, the future research will explore the feasibility of using the developed
deep learning architecture to diagnose depression, ND, FMD, MCI, remission, hypo-
mania and mania. Furthermore, the system will predict the scores of PHQ, YMRS and
MMSE for all the datasets. This will need to create a unified dataset from all dataset

studies in this thesis, including the AVEC2014, Royall Hallamshire and the AVEC2018.
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