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ABSTRACT
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As the population keeps ageing and the life-expectancy keeps rising, dementia is becoming
more and more prevalent in society. Dementia slowly cripples the cognitive function of the patient,
leading to memory issues and difficulties in everyday life. Dementia is a progressive disease
and with proper treatment, can the life quality of the patient be improved for an extended period
of time. But as dementia is a complex disorder, so is its diagnosis, with extensive queries and
medical tests. This thesis highlighted some newly found possible methods for the aid of early
dementia diagnosis through behavioural analysis during video-watching.

The most notable previously studied method that could be used in aid of early diagnosis is
the analysis of the correlation between vertical facial and eye movement during free-form video-
watching, on the basis that dementia patients exhibit a stronger correlation than the control group.
More behavioural features were also examined, with less success in terms of possible usefulness
in aid of diagnosis.

A pilot experiment was conducted with two participants, one of which has been stated to exhibit
early signs of vascular dementia. The participants watched a 5-minute video from a laptop screen
and their reactions were recorded for further analysis.

The analysis of the video footage was performed with an OpenFace 2.20 toolkit, which utilises
computer vision algorithms and machine learning methods to detect facial features for tracking
purposes.

From the analysis, it was found that the participant with early signs of vascular dementia ex-
hibited a strong correlation between vertical facial and eye movement. From the basis of the pilot
experiment, a full-scale study could be commenced to find statistical solidity for the studied mea-
sure. In the future, such measures could be implemented as a part of early dementia diagnosis.
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Vaestdn ikdantyessa ja eliajanodotteen noustessa dementia yleistyy yhd enemman yhteiskun-
nassa. Dementia heikentaa potilaan kognitiivista toimintakykya, johtaen paheneviin muistiongel-
miin seka vaikeuksiin arkielaméssa. Dementia on progressiivinen oireyhtyma ja sopivalla hoidolla
voidaan potilaan eldamanlaadun tasoa pitkittdd. Mutta dementian ollessa monimutkainen oireyhty-
ma, myds sen diagnosointi on monimutkaista, vaatien laajoja kyselyitd seka laaketieteellisia ko-
keita. Tama kandidaatintyd esittdd kayttdytymisanalyysiin perustuvia menetelmia, joita voidaan
mahdollisesti hyddyntda dementian aikaisessa diagnosoinnissa.

Taman tyén huomattavin aiemmin tutkittu menetelma3, jota voitaisiin hyédyntaa aikaisen diag-
nosoinnin tukena, on kasvojen ja silmien vertikaalisen liikkeen valisen korrelaation tarkastelu va-
paamuotoisen katselun aikana. Menetelma perustuu siihen, ettd dementiasta karsivat potilaat
osoittavat vahvempaa korrelaatiota vertikaalisten liikkeiden valilla kuin kontrolliryhma. Tydssa tut-
kittin myds muita katselun aikaiseen kayttéaytymiseen liittyvid ominaisuuksia, mutta niiden mah-
dollinen hyédyllisyys arvioitiin pienemmaksi.

Tama tyo sisalsi pilottikokeen, jossa kaksi osallistujaa katsoivat viiden minuutin videon kannet-
tavan tietokoneen naytéltd, samalla kun heidan reaktiot videoitiin. Yhdella osallistujista on todettu
varhaisia merkkeja verisuoniperaisestd dementiasta.

Kokeen kuvamateriaalin analyysi suoritettiin OpenFace 2.20 -ty6kalulla, joka hyddyntaa kone-
nékbalgoritmeja sekd koneoppimisen menetelmia kasvojenpiirteiden tunnistamiseksi, kasvojen ja
silmien seurantatarkoitukseen.

Kokeen analyysi kertoo, ettd osallistuja, joka osoittaa aikaisen verisuoniperédisen dementian
merkkeja, osoitti voimakasta korrelaatiota vertikaalisen kasvojen ja silmien liikkkeen valilld. Teh-
dyn pilottikokeen perusteella voitaisiin tehda taysimittainen tutkimus kasitellyn mittarin toiminnan
varmistamiseksi tilastollisin perustein. Tulevaisuudessa vastaavia mittareita voitaisiin hyddyntaa
varhaisen dementian diagnosoinnin tukena.

Avainsanat: dementia, konenakd, koneoppiminen, katseenseuranta, paan orientaation seuranta

Taman julkaisun alkuperéisyys on tarkastettu Turnitin OriginalityCheck -ohjelmalla.
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1. INTRODUCTION

Over 50 million people worldwide are currently diagnosed with dementia, a number that is
anticipated to increase to roughly 152 million by 2050 as the average life expectancy con-
tinues to rise [1],[2]. Combining the rise of life expectancy with the aging of the population,
the percentage of people with dementia is increasing, posing a notable threat to the public
health. Fundamental for the treatment of dementia is an early diagnose, enabling treat-
ment to in some cases slow down the syndrome progression and to improve the current
state of the patient to postpone the need for institutional care. The most frequent cause
for dementia is Alzheimer’s disease (AD), with vascular dementia (VaD), Lewy bodies and
frontotemporal dementia accounting for the majority of the remaining dementia cases.[3]
The early treatment of dementia requires understanding the cause behind the disorder,
and with dementia being a complex disorder with overlapping symptoms between causes,
there are no simple or exact measures for diagnosis. Currently the diagnosis of dementia
relies heavily on tests and queries, which are affected by background of the patient and
other human factors, and thus may lead to inaccurate results.[4]The advancements in
machine learning and computer vision make it possible to develop new tools, based on
new studies, that can aid in early dementia diagnosis. This thesis focuses on dementia
diagnosing by monitoring cognitive performance through behaviour during visual activity,
i.e. video watching.

It has been studied that by recording the eye movements of elderly people during visual
activity, the people suffering from dementia can be differentiated from those with normal
cognitive performance [5], [6], [7]. It has also been studied by Nam et al. that AD caused
dementia symptoms can be screened by studying facial and eye movement from camera
recordings [8]. This thesis includes a pilot study, where two elderly persons, one of which
exhibits early signs of VaD and the other shows no dementia symptoms, are recorded
and the video footage is examined with open source computer vision models for facial
and eye movement analysis. The goal of the study is to examine the suitability of facial
and eye movement analysis for low-threshold dementia diagnosing.

This thesis is structured as follows. Dementia, its causes, current diagnosis methods
and the background for the behavior analysis are discussed in chapter 2. Chapter 3
includes the principles of the computer vision and machine learning methods needed for
the analysis. The conducted pilot study and its results are showcased in chapter 4. The



final chapter, chapter 5, summarises the contents of this thesis and evokes discussion
about the future of the subject.



2. BACKROUND

Dementia is a generic term for a cognitive disorder showing as decline in cognitive func-
tionality and emotional ability. The term dementia covers a wide variety of cognitive disor-
ders with differences in causes and in the severity of symptoms.[9] The two most common
causes of dementia in elderly people are Alzheimer’s disease, accounting for65—70% of
all dementias, and vascular dementia with approximately 15 % [3].

Alzheimer’s disease (AD) affects the brain by generating plaque that disrupts neural ac-
tivity and by altering neural tissue, resulting in the degeneration of brain domains respon-
sible for different cognitive functions. Typical early signs of AD include difficulties in tasks
that require short-term memory and working memory, e.g. learning, recalling old events
and weakened attention. AD is a progressive disease that in time causes total cognitive
degeneration. [3]

Vascular dementia (VaD) is a general term describing a group of cognitive disorders that
develop after experiencing interruptions in blood flow in the brain, often after a stroke.
VaD often slows down mental processing and affects attention span and tasks that re-
quire planning.[10] However, symptoms of VaD are much more variable compared to the
symptoms of AD and can greatly depend on the location of experienced blood flow inter-
ruption [11].

Early diagnosis of dementia is crucial for dementia treatment and for the life quality of de-
mentia patients [3]. Although there is no cure for AD and the progression of the disease
can not be halted, early diagnosis of the disorder enables the usage of medication treat-
ment to postpone cognitive degeneration and gives more time for the planning of future
care [12]. VaD can often exhibit similar behavioural symptoms as AD, and diagnosing
the correct disorder is crucial, because the progression of VaD can be stopped altogether
proper treatment [3].

MMSE (mini-mental state examination) is a widely used test to map the state of cogni-
tive function, when diagnosing dementia. MMSE consists of short tasks and queries,
designed to assess different cognitive areas. The total score of MMSE is 30 and wrong
answers or failed tasks reduce the score. Scores between 25-30 can be regarded as
normal, and further examination is necessary only if the patient exhibits clear memory
problems. Scores below 25 inform about cognitive decline. The score of MMSE is af-



fected by the age and education of the patient and isn’t suitable in detecting early demen-
tia. The test score is also inaccurate if the patient has problems with speech or deficits in
attention. [3]

There exists multiple more exhaustive screening tests for dementia that are conducted
by medical professionals, most notably CERAD (Consortium to establish a registry for
Alzheimer’s disease) and MoCA (Montreal cognitive assessment), designed to assess
the state of cognitive function and map the possible areas of cognitive decline.[3]Early
dementia diagnosis also often includes various queries, conducted to the patient’s close
relatives to map the memory problems of the patient. The early dementia diagnosis pro-
cess is an extensive process and may only result in receiving notices for later control
screenings. Knowing that, patients might not check themselves in easily enough, so pos-
sible dementia might have progressed further until treatment is applied for. Therefore,
it can be argued that there exists a need for inexpensive low-threshold early dementia
diagnosis.

2.1 Video analysis of instructionless visual activity for dementia
assessment

2.1.1 Eye movement analysis

Zhang et al.[5] studied in 2016 a connection between eye movement behaviour and cog-
nitive function during instructed and instructionless video-watching and found that during
instructionless watching, the velocity of saccades, i.e. rapid shifts between two points of
eye focus, correlated with the MoCA-memory test scores of the subjects. The subjects
who had lower memory scores, i.e. more cognitive decline, exhibited slower saccades
than those with higher memory scores. The study also found that subjects with lower
memory scores focused their eyes on different points for a longer time. The data in [5]
was collected from 15 subjects, from which three of the participants had mild cognitive
impairment, a diagnosed risk of developing dementia in a few years. Eye movements of
the subjects were recorded with an EyeLink Desktop 1000 eye-tracker at 500 Hz. The
data were analysed with three different linear regression models.[5]

Mengoudi et al.[7] performed in 2020 an eye movement study with thirty dementia pa-
tients and control groups consisting totally of 576 healthy subjects to find distinct eye-
movement behaviour caused by dementia. The authors argue that the status of cognitive
function cannot be mapped with a single measure due to variation between individuals’
eye-movement behaviours, and they aimed instead find a set of measurements suited for
the task. The subjects were presented with visual scenes one image at a time and their
eye movement was tracked with an EyeLink eye-tracker at 1000 Hz. Data augmentation,
by processing the recorded footage, was utilized to create more variety to the collected



data. The resulting data were processed with a convolutional neural network, designed to
extract distinct features from the eye-movement footage. The study found that dementia
patients examine visual imagery more slowly and less extensively than control groups.
When presented with text, dementia patients’ gazes focus on the left side of the screen,
indicating that they are not capable of or are slow at reading. The study concluded that
while the found features might be related to dementia-caused cognitive decline, the fea-
tures cannot be confidently said to be distinct dementia-caused eye-movement behaviour.
The study also states that the found features might not be found in patients with different
dementia types.

Both of the aforementioned eye-movement studies studied movement features with spe-
cial eye-tracker hardware in a controlled environment. Eye movements, especially sac-
cades, are tiny movements performed in mere milliseconds and require high sampling
rates to be accurately recorded [13]. The found features might not be accurately tracked
in a more varying environment without special hardware. Still, the studies hold a basis for
further study by indicating that instructionless eye-movement tests may be developed for
the use of early dementia detection.

2.1.2 Eye and facial movement analysis

Nam et al.[8] conducted a study in 2020, where they compared the facial and eye move-
ments of people with an early stage of AD to movements of a cognitively healthy control
group during visual activity. The study focused on analysing directional information of eye
gaze and and investigated whether the inclusion of facial movement in eye gaze track-
ing would improve accuracy of the system. The study was conducted with 17 people
with an early stage of AD and a control group of 17 people. The participants watched
a 22-minute long video consisting of six short films, all selected to evoke different basic
emotions. Facial and eye movements were recorded with a Canon EOS 70D camera in a
clinical environment, to add consistency to the data.

The collected data were processed with OpenFace 2.0 toolkit to extract raw directional
information of facial and eye movement, and statistical analysis was applied to study the
data. The study found that people with AD had more variance in eye gaze in all directions
and exhibited simultaneous movement of the head and eyes in the vertical direction. The
control group exhibited no correlation between the vertical movement of the eyes and
head. While the results of the study were promising, Nam et al. concluded that more data
is needed and more features need to be found to analyse the exact cause of dementia.

[8]



3. METHODOLOGY

THe analysis of facial and eye movement from video footage requires the detection and
tracking of certain facial features. This chapter introduces the required facial features and
the methods utilised in finding them to enable the analysis.

3.1 Neural networks

W. McCulloch & W. Pitts first proposed an idea of using networks consisting of artificial
neurons, mimicking biological neural networks, in logical calculations, an idea that later
developed into neural networks (NN) [14]. During recent years neural networks have
become widely used in various computing problems that required handling large data
sets [15].

Y

Figure 3.1. A simple illustration of a node

An artificial neuron, also called a node, calculates a weighted sum from the input signals
X1 W1, ..., Xo Wy and a possible bias term b. The resulting sum is fed to a non-linear acti-
vation function f() that gives the neuron’s output. The functionality of a node is illustrated
in figure 3.1.

Activation functions add non-linearity to a neural network. The functions also determine
if a node is activated or not, based on its weighted input. The chosen activation functions
vary based on the functionality of the NN. The most relevant activation functions for this
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Figure 3.2. A simple illustration of a deep neural network with two hidden layers.
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The input information is given to a NN by distributing it among the nodes of an input layer
which then divides its output to nodes in the first hidden layer. Hidden layers process the
information with complex calculations depending on the functionality of the NN. Tuning of
the weights of the hidden layers based on the intended output enables the characteristic
learning of NNs [15]. A network that utilizes several hidden layers is called a deep neural
network (DNN). The final hidden layers are connected to an output layer, a layer that
produces and streamlines the output of the NN. An illustration of a basic feedforward
neural network is illustrated in figure 3.2.

3.2 Convolutional neural networks

Convolutional neural networks (CNN) are variants of neural networks that are used in
machine learning applications that deal with imagery, e.g. in computer vision [16]. CNNs
consist of convolutional layers, pooling layers and fully-connected layers, as illustrated in
figure 3.3. 2D Discrete convolution for images can be expressed as



him,n] = flk, ] I[m — k,n—1], (3.3)

k.l

where a output his produced by sliding a multiplicative filter matrixfover all of the pixels of
an image /. Convolutional layers utilize convolution with learnable filters to extract distinct
features from the input image to a feature maps [16], compressed versions of the input
image. Convoluting the input also reduces the number of parameters of the CNN model
and therefore reduces the computational complexity of the model.
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Figure 3.3. An illustration of a simple fictional convolutional neural network designed to
detect if an image contains a face or not. The purpose of feature extraction is to extract
features, using convolution filters and pooling operations, from the input image which can
be used in classification. Figure inspiration [17].

Pooling layers introduce pooling operations to the images, aiming to reduce the dimen-
sionality and further reduce the parameters of the model [18]. Pooling operations sum-
marize the features of the feature map in to a smaller output. Max pooling is a pooling
operation that chooses a local maximums from the feature map. Max pooling operation is
the most widely utilized pooling operation [18] and is illustrated in figure 3.4.

12 3 3 9

13 | 5 | 6 | 7 | 2X2MaxPooling | 43 | o
—_—

15 8 10 1 38 56

25 38 40 56

Figure 3.4. Max pooling operation with a filter size of 2x2 and stride of 2, resulting in an
output reduced in size by a factor of 2.

In convolution-based neural networks, fully-connected layers with softmax-activation are



often used after CNN layers in order to perform classification based on the features ex-
tracted by the CNN layers [18].

3.3 Facial landmarking

Facial landmarking is a computer vision task, where a model is used to find and track key
points of faces, e.g. points in figure 3.5. Facial landmarking is required for many other
computer vision tasks [19], most notably head pose and eye gaze estimation which are
utilized in this thesis for facial and eye movement analysis. Facial landmarking can be
performed with Constrained Local Models.

Constrained Local Model (CLM) is a computer vision algorithm used to find facial land-
marks from images for tracking purposes[20]. CLM uses local detectors to match areas
around landmarks to the original image to find the correct landmark positioning. The CLM
algorithm relies on initial landmarks which can be obtained using a separate face detector
[21]. The CLM algorithm utilizes initial landmarks and matches them to the image to find
exact locations to create new landmarks from the image. If the algorithm is used to track
landmarks from video footage, the initial landmarks are taken from the previous frame to
match them to the new one.
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Description

Left Brow Left Corner
Left Brow Center

Left Brow Right Corner
Right Brow Left Corner
Right Brow Center
Right Brow Right Corner
Left Eye Left Corner
Lefi Eye Center

Left Eye Right Corner
10 | Right Eye Left Corner
11 | Right Eye Center

12 | Right Eye Right Corner
13 | Left Ear

14 | Nose Left

15 | Nose Center

16 | Nose Right

17 | Right Ear

18 | Mouth Left Corner

19 | Mouth Center

20 | Mouth Right Corner

21 | Chin Center

Figure 3.5. Facial landmarks used in Annotated Facial Landmarks in the Wild (AWFL)
database [22], which was used in testing CE-CLM and CLNF models[23],[21].

Convolutional Experts Constrained Local Model (CE-CLM) improves on the regular CLM
model by implementing a Convolutional Experts Network (CEN) for local landmark de-
tection. CEN is a specialised CNN used to find local landmarks from a region of interest
(ROI) by calculating alignment probability for the landmarks at different pixel locations of
the ROI. CEN consists of two convolutional layers with ReLu activation and a special Mix-
ture of Expert Layer which is a convolutional layer with sigmoid activation that outputs the
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alignment probabilities. The advantage of CE-CLM over CLM is that the model has the
ability to track 3D facial landmarks even when trained only with 2D data.[23]

Constrained Local Neural Field (CLNF) is a facial landmarking model that uses a Local
Neural Field (LNF) as a local detector, and is capable to detect facial landmarks in a more
complex environment and in real time. LNF is an algorithm which combines conditional
alignment probability calculations and a neural network layer to evaluate the non-linear
relationship between landmarks and the ROI. [21]

3.4 Used estimation methods

3.4.1 Eye gaze estimation

Eye gaze estimation is a process, where the point of focus, i.e. the location a person
is looking at, is estimated from the person’s eyes. Eye gaze can be estimated using
computer vision methods. Geometric eye gaze estimation is a way of determining the
point of focus by generating a gaze vector. A landmark detector is utilized to find eyes
and pupils from imagery. Virtual eyeballs can then be modelled using the location data
from eyes and pupils and the estimated gaze vector is simply the vector between the
centre of the virtual eyeball and the centre of the pupil, as illustrated in figure 3.6. Two-
eye models can be used to estimate small movements more accurately. With two eye
models, the final gaze vector is the average between the eyes. [24]

Camera
Virtual Pupil location
eyeball estimation
center >
. _
- Eye gaze vector
Pupil Teeel
p -a

Virtual eyeball estimate

Figure 3.6. An illustration of geometric eye gaze estimation.

Eye gaze can tell about a person’s cognitive state, and behaviour regarded as abnormal
can give information about cognitive dysfunctionalities and affected areas of the brain [25].
And as previously highlighted, certain eye-movement patterns may indicate dementia 2.
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3.4.2 Head pose estimation

Head pose estimation is a process where orientation data is extracted from imagery of a
head. Head pose estimation can be used in pair with eye-tracking to produce a more rigid
eye gaze estimation. When eyes are not visible, head pose indicates a rough estimation
of eye gaze direction. With eyes visible, head pose validates the gaze direction. Object
and landmark detection methods are required to be able to extract pose estimation infor-
mation.[26]This thesis mainly focuses on determining the rotation of the head in vertical
direction, referred as pitch in figure 3.7.

yaw

Figure 3.7. The rotational axes of a head. Adapted from source [27].

3.5 OpenFace 2.20

OpenFace 2.20 is an open source toolkit created for facial behaviour analysis and is used
in this thesis to track facial and eye behaviour. OpenFace 2.20 is an improved version
based on OpenFace toolkit and is created by BaltruSaitis et al.[28] Openface 2.20 is ca-
pable of facial landmark detection, facial expression recognition, head pose estimation
and eye gaze estimation. OpenFace 2.20 can run all facial behaviour analysis tasks si-
multaneously in real time through a webcam without GPU acceleration. The process of
eye gaze and head pose estimation is illustrated in figute3.8.

OpenFace 2.20 utilises an implementation of a Multi-task Convolutional Neural Network
(MTCNN) for detecting faces from imagery to initiate landmarking procedures. MTCNN,
for face-detecting purposes, is a model consisting of multiple CNNs, designed to both
detect and align faces from imagery. [29] OpenFace 2.20 also uses a special CNN to
predict face-tracking decay over time. The used MTCNN returns an aligned image of a
face with marked landmarks to a CE-CLM algorithm to intiate tracking. [28]

The CE-CLM landmarking algorithm stores the detected facial landmarks and by calcu-
lating 2D image projection coordinates into 3D world coordinates using orthogonal pro-
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Eye gaze estimation

Input image Face detection Landmark detection

Output image

Head pose estimation

Figure 3.8. Eye gaze and head pose estimation procedure of OpenFace 2.20. Adapted
from source [8].

jection, creates a 3D model of the detected head.[28]By calculating a perspective-n-point
problem with a set of 3d points and the corresponding 2D points, can head pose be
accurately estimated [30].

OpenFace 2.20 uses a CLNF model to detect eyes from landmarks consisting of eyelids,
irises and pupils. The CLNF model is trained using SynthesEyes dataset. OpenFace
2.20 utilises geometric two-eye gaze estimation to estimate the gaze vector. Center co-
ordinates of the webcam image are used to calculate the gaze vector’s direction related
to the image to find the focus point on the screen. [28]
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4. EXPERIMENTS

The goal of this study was to analyse the suitability of facial and eye movement analysis
during instructionless video-watching as a tool in aid of early dementia diagnosis. A pilot
experiment was conducted with two participants, to study for the features used by Nam
et al.[8] and Zhang et al.[5], but now in a less controlled environment. Statistical analysis
was performed for the data to get results. Both of the participants gave their consent for
this study.

4.1 Pilot experiment setup

The pilot experiment was conducted with two elderly persons aged over 60 years. Par-
ticipant 1 has been evaluated by a geriatrician and has been stated to exhibit early signs
of vascular dementia. Participant 1 has completed an MMSE-test with a score of 28/30,
which can be stated as a normal. Participant 1 has also experienced a traumatic brain
injury. Participant 2 is healthy and shows no memory problems associated with dementia.
All possible memory issues can be stated to be age-related.

The participants watched a 5-minute video from a 13-inch laptop screen in a preferred
comfortable position. To keep things light, the used video was chosen to evoke happiness.
The participants watched the video in about 1-minute parts and then rested for about 30
seconds. The facial and eye movement behaviour of the participants was recorded with
an integrated webcam at 30 frames per second in 1280x720 resolution. The participants
were informed that they were being recorded during the video-watching but received no
other instructions.

4.2 Facial and eye movement analysis

The recorded video footage was analysed with the OpenFace 2.20 toolkit. The extracted
features from the footage were the points of eye gaze and head pose information for
each frame of the footage, further specified in figure 4.1. The process resulted in 7763
samples of positional and angular data for participant 1 and 7624 samples of data for
participant 2. The analysis with the OpenFace 2.20 toolkit was run with a laptop with AMD
Ryzen 5 4500U 2.38 GHz processor with an internal GPU and achieved 15-17 frames per
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second with both recordings, with a few frame rate hiccups during the runtime. The stated
confidence of face recognition during analysis was a constant 98 per cent for both of the
recordings. The data were stored in a CSV file for further analysis.

Reyey Leyey Reyey Leyey

Reye-x é—é—b Leye-x
AN

Head-y

Figure 4.1. The eye and facial movement metrics this study focuses on. Adapted from
source [8].

OpenFace 2.20 records complete directional information of eye gaze and head pose in
world coordinates for all frames of the videos, in form of vectors. For eye gaze, 3D world
coordinates are estimated for both eyes in all frames, but for gaze analysis, it is enough
to track eye gaze only in x- and y-coordinates. For the head pose, full directional and
rotational data in world coordinates is stored, but for head pose analysis, the rotational
data is sufficient. OpenFace 2.20 also stores the angular displacement of the eye gaze
from the head pose vector, a useful feature when analysing eye saccades. The angular
displacement is estimated in radians as an average between both eyes.

4.3 Statistical analysis

The three studied features for early dementia diagnosis were the variance in the move-
ment of the eyes and the head, the correlation between facial and eye movement in verti-
cal direction and the mean of saccade average velocity. Variance was calculated for both
of the eyes in x- and y-coordinates, and for the head rotation in x-, y- and z-coordinates.

Spearman correlation coefficients were calculated for the vertical facial and eye move-
ments to estimate correlation. Spearman correlation coefficients are calculated using the
ranks of data values, instead of actual values, to minimize the impact of outliers to the
correlation [31]. Outliers in eye gaze data may originate from quick glances outside the
tracked area. Outliers may also originate from sudden errors in eye gaze and head pose
estimation.

For the velocity analysis of eye saccades, the mean of average saccade velocities was
calculated. The angle velocities were calculated by calculating angular differences be-
tween sequential frames from the x- and y-components of the angles and dividing the
angular differences with the time duration between the frames. The units of the resulting
velocities were transformed to degrees per second.
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4.4 Results

Figure4.2 shows the variance in facial and eye movement during instructionless video-
watching. Notable is the gap between variances in movement in the vertical direction
between the participants. Nam et al. discovered in their study that variance in the facial
and eye movements of AD patients is higher in all directions [8]. This study doesn’t follow
the same results, as the variance in movement is only higher in the vertical direction with
participant 1. Participant 1 also exhibits slightly more variance in the horizontal movement
of the head, but the difference may fall in to the error margin.

0.01
0.009

0.008

0.007
0.006
0.005
0.004
0.003
0.002
0.001 I | I
| | O

Left eye -x Right eye -x Left eye -y Righteye-y Head -x Head -y Head -z

M Participant 1* M Participant 2

Figure 4.2. The variance in facial and eye movement the participants exhibited during
video-watching. The participant exhibiting early signs of VaD marked with a *-symbol.

Figure4.3 shows the calculated correlation coefficients between the vertical movement of
the eye and the head for both participants during instructionless video-watching. Notable
is that participant 1 exhibits a strong correlation between the vertical movements, like
in the study by Nam el at[8]. On the other hand, participant 2 exhibits a very weak
correlation, but the correlations for different eyes are greatly unequal. This tells that the
eye gaze tracking has failed, even if the software is confident in its landmark detection,
or the gaze direction is estimated inaccurately. In either situation, the inaccuracy brings
uncertainty to the final results.

Table4.1 contains the means of saccade average velocities for both of the participants
during the video-watching. Participant 1, on average, exhibited faster saccades than par-
ticipant 2, but these results mean little without a bigger sample size. The saccade analysis
is also affected by the inaccuracies of the OpenFace 2.20 toolkit’s capabilities. Eye sac-
cades can happen in mere milliseconds and be short in length, and therefore might not
be captured accurately with OpenFace 2.20 due to the toolkit’s estimation inaccuracies
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Figure 4.3. The calculated correlation coefficients of vertical movement between facial
and eye movement for both participants. The presented correlations are statistically sig-
nificant with p-values close to zero. The participant exhibiting early signs of VaD marked
with a *-symbol.

and slow sampling rate limited by the framerate of the original footage. Higher framerates
during recording might improve the results but also requires more computing power for
the analysis. As the experiment does not provide information about the initiation of sac-
cades, the saccade analysis was performed between all sequential frames of the video
footage, even though the point of focus might not have moved. Eye saccades might also
be affected by different human factors, e.g. attention deficits or distinctive eye-movement
features.

Participant 1* | Participant 2
16.9°/s 10.0°/s

Table 4.1. The means of saccade average velocities for both participants. The participant
exhibiting early signs of VaD marked with a *-symbol.

The results from the pilot experiment indicate, based on the correlation between vertical
facial and eye movement, that participant 1 exhibits abnormal behaviour during instruc-
tionless video-watching that might be a sign of dementia. Other measures do not indicate
anything possibly dementia-related. Participant 2 exhibits no abnormal behaviour outside
the error margin.
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5. CONCLUSION

Early dementia diagnosis enables treatment that in some cases can slow down the progress
of the disorder or maintain the current state of cognitive function for longer. In all cases,
early diagnosis prepares the patient and their relatives better for the future and provides
more time to plan for later care. However, early dementia diagnosis is a difficult task due
to the complex nature of the disorder. This thesis brought out computer vision methods
that can be in aid of the early dementia diagnosing process.

A pilot experiment was conducted with two participants who partake in instructionless
video-watching while their reactions were recorded. The reactions were analysed with
OpenFace 2.20 toolkit that detected and recorded the eye gaze and head pose data from
the experiment for further analysis. The measurements that were calculated from the
data were variance in facial and eye movement, the correlation between the facial and
eye movement in the vertical direction and the mean of average saccade velocity. One
of the participants has been stated to exhibit early signs of vascular dementia, and had
taken an MMSE-test with a normal score. The particular participant exhibited abnormal
behaviour during video-watching, in form of a strong vertical movement correlation, that
might be linked with dementia-related behaviour.

Unlike other discussed eye gaze measures, the vertical correlation between facial and
eye movement might not require comparison to control groups for the measurement to
function. Rather, it could be compared to a previously set threshold. The conducted pilot
experiment lays the basis for a study on a bigger scale in order to statistically solidify
whether vertical movement correlation between head and eyes is linked to dementia or
not. Such a study also gives the means to find if a threshold could be found for the corre-
lation that differentiates people with abnormal behaviour from normally related behaviour.
Previous eye gaze studies with promising results have all been conducted with a relatively
small sample size and smaller studies might not be statistically solid due to the high in-
fluence of different human factors on facial and eye movement behaviour. Facial and eye
movement behaviour analysis isn’t a clinically precise enough method to be an exclusive
test, but rather an indicative test for early dementia.

The advancements in machine learning and computer vision enable the use of facial and
eye movement analysis in a home environment without the need for special hardware,
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but the field of early dementia diagnosis with facial and eye movement analysis is only in
its early stages. With more study, facial and eye movement analysis could in future be
implemented as part of early dementia diagnosis.
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