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Abstract

Performing physical activity sometimes can be a daunting task as most people will not
perform it regularly due to a lack of experience, motivation, or injuries that prevent them.
However, exercise has substantial health benefits as it lowers the risk of heart disease
and osteoporosis and increases our bodies’ overall mobility. Furthermore, with the cur-
rent state of the world and the development of human-computer interaction technology
over the years, it is appropriate to think of new ways to interact with each other besides a
real-life scenario. The main focus of this dissertation is the development of a virtual per-
sonal trainer that can teach and guide older people on how to perform exercises targeted
to sarcopenia, which is a condition associated with the loss of muscle mass that occurs
with ageing. The exercises were performed by a certified actor where the movement was
captured in Motion Capture technology, creating an entity that can teach the correct form
of execution of this type of movement. Additionally, the interaction allows the person
to improve their quality of life by teaching them how to perform these exercises while
being guided and motivated by the coach, providing a personalized and enjoyable experi-
ence. Human pose estimation based on a Machine Learning (ML) solution and a static 2D
Grid computed using the user’s anatomical points to evaluate performance by comparing
it to a coach’s performance to provide feedback in real-time so the coach can adapt the

communication according to it.
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Resumo

A realizagdo de actividade fisica pode por vezes ser uma tarefa assustadora, uma vez que
a maioria das pessoas ndo a realiza regularmente devido a falta de experiéncia, motivagao,
ou lesdes que as impegam. Contudo, o exercicio tem beneficios substanciais para a satde,
uma vez que reduz o risco de doengas cardiacas e osteoporose € aumenta a mobilidade
global do nosso corpo. Além disso, com o estado actual do mundo e o desenvolvimento
da tecnologia de interaccdo homem-computador ao longo dos anos, ¢ apropriado pensar
em novas formas de interagir uns com os outros, para além de um cenario da vida real.
O foco principal desta dissertagdao ¢ o desenvolvimento de um formador pessoal virtual
que possa ensinar e orientar as pessoas mais velhas sobre como realizar exercicios dirigi-
dos a sarcopenia, que ¢ uma condi¢do associada a perda de massa muscular que ocorre
com o envelhecimento. Os exercicios foram realizados por um actor certificado onde o
movimento foi capturado na tecnologia Motion Capture, criando uma entidade que pode
ensinar a forma correcta de execucao deste tipo de movimento. Além disso, a interac¢ao
permite a pessoa melhorar a sua qualidade de vida, ensinando-lhe a realizar estes exerci-
cios a0 mesmo tempo que ¢ orientada e motivada pelo treinador, proporcionando uma ex-
periéncia personalizada e agradavel. Estimativa da pose humana com base numa solucdo
de aprendizado de maquina (ML) e numa grelha 2D estatica calculada usando os pontos
anatomicos do utilizador para avaliar o desempenho ao compararar este com o desem-
penho de um treinador para fornecer feedback em tempo real para que o treinador possa

adaptar a comunicagdo de acordo com isso.
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Introduction

With technological and medical improvements over the decades, life expectancy has in-
creased in Western societies. According to a study made by the United Nations (UN)
(2019), [53], about ageing, “the chance of surviving to age 65 rises from less than 50
percent in the 1890s to more than 90 percent at present in countries with the highest life
expectancy”. The highest life expectancy comes with the responsibility to provide sys-
tems that successively deal with ageing-related diseases, as these can be highly diverse.
One of the main conditions associated with ageing is sarcopenia (from the Greek, ’sarx’ or
flesh + *penia’ or loss), a syndrome characterized by progressive and generalized loss of
skeletal muscle mass and strength[12] causing deterioration in strength and physical per-
formance. As this geriatric syndrome progresses, the symptoms increase, leading to more
significant vulnerability to accidents, for instance, physical injuries due to falls leading to
hospitalization, loss of functional capacity, and poor quality of life, frequently resulting
in a risk of death.

Once the development of sarcopenia starts to show clear signs of progression, the suspi-
cion of its presence needs to be evaluated by medical physicians, providing a professional
opinion and confirming in this manner the condition. With professional confirmation, the
patient can do a series of tests to assess the degree of sarcopenia, including questionnaires
and physical exams. In the positive case, the person may then follow specific exercises
to reduce or prevent further degradation of the condition since regular specialized exer-
cise is a standard advice from medical professionals to address this condition, showing
a tendency to decrease the symptoms. However, adherence to physical activity tends to
decrease as people get older, affecting older people with health problems that exercise
prevent. It is important to search for the application of strategic promotion of physical ac-
tivity and, when possible, perform sarcopenia screening tests or other ageing conditions.
After the sarcopenia screening tests, depending on the development of the condition, the
individual can see their physical capabilities decrease, which negatively impacts the per-
formance in one of the main treatments for the medical condition, physical activity. The
degree of sarcopenia severity in terms of physical deterioration can be divided into three
categories:

2
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* Pre-Sarcopenia: Loss of muscle mass with no effect in muscle strength
 Sarcopenia: Low muscle mass and low muscle strength

» Severe Sarcopenia: Loss of muscle mass, strength and physical performance

Estimating these parameters (e.g., loss of muscle mass or physical performance) employs
a wide range of assessment techniques resourcing physical contraptions or physical ac-
tivities such as balance tests. In the analysis of muscle mass variables, Bioimpedance
Analyses (BIA) can be employed to estimate the volume of fat and lean body mass[51].
Alternatively, for physical performance, Short Physical Performance Battery (SPPB) as-
sesses endurance and strength by observing an individual’s equilibrium with different foot
configurations. After estimating these variables, patients’ conditions can be treated or pre-
vent further aggravation with customized rehabilitation.

Assessment Techniques

Muscle Mass Muscle Strength

* :
Biolmpedance "“ "" Dual Esergy X-ray |\ ‘v" HandGrip "‘

\_ Analysis(BlA) / 'g_\bsorpnomlry(DXA)_" Strength /

Physical Performance

1
.r_r . ,-1 ——

/ " Short Physical ; \ \
Performance . Usual Gait Speed | Get-Up-And Go Test
\_Battery(SPPB) / /N /

Figure 1.1: Standard clinical practices for the estimation of muscle mass/strength, and
function or physical performance parameters[51].

With this knowledge, it is possible to create systems for assessing, treating, or rehabilitat-
ing this geriatric syndrome focused on the patient’s needs. Although the illness appears in
different demographics, older people are the main focus since these can benefit the most
from this system, offering personal/professional support for these repetitive and tiring ac-

tivities, which necessitate a significant amount of intrinsic motivation.

This dissertation focuses on an interactive virtual personal trainer to show and support
patients that suffer from sarcopenia and how to prevent by performing specific exercises
in an informative and interactive form. The exercises displayed by the personal trainer are
animations of certified personal performance as these were recorded through an Optical
MoCap system and will serve as a baseline for evaluating the users’ performance. The
system uses a 2D generalist descriptor to characterize the exercises and therefore create
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comparison criteria so the patients’ performance can be analyzed. Furthermore, as the pa-
tient performs the exercise, the personal trainer will observe their execution in real-time to
assist them in case of poor performance or to prevent/aggravate any current injuries.The
following section shows this topic’s importance by presenting the study’s relevance, re-
lated work performed to present the current state of the art, and the main objectives to be
fulfilled by this work.

1.1 Related Work

The use of interactive Virtual Environment (VE) focused on sports has been conducted
to address issues related to physical rehabilitation, lack of physical activity, technique

improvement, or weightlifting, which can apply to regular people or high-level athletes.

Physical rehabilitation is a form of assistance for disabled people to treat or at least reduce
physical impairments that come with their disabilities. This rehabilitation is helpful for
people with lower motor capabilities, such as cerebral palsy! patients. One study assessed
the possibility of rehabilitating two adolescents with cerebral palsy[10] using a Microsoft
Kinect(RGB-D camera)? for upper limb rehabilitation to assist people with this condi-
tion. The system requires participants to perform regular tasks such as dressing in front
of the Kinect sensor, allowing the computer vision algorithms to detect 3D joint points
and relevant angles(e.g., shoulder flexion) to the movement. The system, to increase the
motivation of the participants to continue rehabilitation, uses audio and video feedback
interfaces to provide an engaging application. With this data, a physical therapist could
assess whether the results correspond to expectations and provide customized rehabilita-

tion exercises.

Machine Learning (ML) algorithms have an increasing presence in this type of work since
they can work with a broad spectrum of data types from RGB or RGB-D frames to sensor
outputs to evaluate exercise performance, being one of these examples FitCoach. Fit-
Coach is a virtual fitness coach leveraging robust sensors in users’ wrist wearables or
arm-mounted smartphones[ 18] to record signals during workouts that assess performance.
The system employs the ML classifier to recognize the anaerobic and aerobic exercises
indoors within the first repetitions with a 93% accuracy. The system also provides infor-

mation such as repetitions per set or calories burned during execution and an exercise score

ICerebral palsy (CP) is a term denoting a group of non-progressive, non-contagious motor conditions that
cause physical disability in human development mainly in the various areas of body movement (Rosenbaum
et al., 2007).

ZKinect is a Microsoft movement sensor that incorporates RGB cameras with InfraRed-rays projector
creating an RGB-Depth camera. This type of sensor can detect and map the depth using mathematical
methods based on structured lighting and deformation of surfaces. Allowing for the computer vision system
to estimate the depth and gather information related to the surfaces of the objects in the scene

4
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based on a reference baseline. The main disadvantages of this system are the need for syn-
chronization of multiple sensors and extraction of the features that require pre-processing
of the sensors’ signal. One example of these factors is the users’ facing direction, which
is essential to perform recognition, determined by asking volunteers to perform unrelated
physical activities such as running in four different directions. In addition, the user in
first-time usage needs to perform particular exercises for exercise recognition and label

the corresponding exercise types to obtain the features used in the ML classifier.

As this previous example shows, ML algorithms can provide good results in an exer-
cise recognition task. However, estimating the proximity between a professional’s perfor-
mance and a novice’s is also important. For this purpose, Aouaidjia Kamel and Bowen
Liu developed iTai-Chi[21], a system that uses Convolutional Neural Networks (CNN)
to estimate the learners’ pose, being the motion evaluated through a frame-to-frame com-
parison with the template motion. After exemplifying examples of the Tai-Chi techniques
through video format, iTai-Chi records the learners’ performance of the martial art through
an RGB-D camera for the system assessment against professional motions. The evalua-
tion shows the results to the user to facilitate the correction and location of potential errors
in the performance. The main usage of this system is to assist elder Tai Chi practitioners
and students without prior knowledge of the martial art to overcome learning obstacles

and improve their skills.

This type of work, as shown, is useful for technique improvement but also for weightlift-
ing, which is an activity with many misconceptions about the correct and risk-free way
to perform the exercises, creating an opportunity for coaching automation applications.
With this concern, Ammar Yasser and Doha Tariq developed Smart Coaching to automate
an athlete’s coaching using an RGB-Depth Camera to detect misplaced joints of the ath-
lete before an injury can occur[56]. The system uses a fixed IR camera setup to obtain
the sets of joint coordinates that characterize the coaches’ or athletes’ performance. De-
tection of the correct execution of these exercises occurs using the Fast Dynamic Time
Warping (FastDTW)? FastDTW classifier to address Deadlift, Squat, and Shoulder Press
movements. The main advantage of this classifier when compared to the previous ML
algorithms is the ability to classify performances with different quantities of frames(e.g.,
an athlete may take 3 seconds to complete a lift while another might take 5 seconds) since
it classifies according to the sequence of frames[56].

The capability to impact our fitness journey with technology is increasing as this develop-
ment allows a combination of real-time exercise evaluation using video approaches with

VEs. These environments can provide controlled ambients, facilitate stimuli placement,

3 Analysis technique for time series as Dynamic Time Warping (DTW) is a method that compares and
aligns two temporal sequences. The similarity between these can be observed for the same action even if it
has differences in time and speed.
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and customise personal trainers applications that provide guidelines and assessments while
performing actions. For example, a virtual personal trainer using an RGB-D camera for
domestic usage captures user actions and compares them with standard actions to create a
fitness score representing how well users perform actions in real time[20]. With the stan-
dard actions stored in a database, a machine learning algorithm, Adaboost classifier, can
process this data to establish a proximity relation between the user action and the stan-
dard action classes. After establishing this proximity, a fitness score utilises DTW and 3D
Euclidean distance between these actions to provide a final assessment.

Following a methodology similar to the previous system, a virtual trainer with real-time
feedback capabilities, assesses and provides a fitness score to different exercise postures
using data acquired with a Kinect sensor[24]. The system recognizes exercises using
Random Forest (RF) machine-learning algorithm. It provides real-time feedback that re-
lies heavily on comparing the expert’s pose and the classification of the user’s posture.
The feedback is conveyed using a confidence score where the closer the user is to the ex-
pert, the more significant the score. The system’s average performance is 96% accuracy
when applied to 9 exercises for ten individuals.

Apart from sports and rehabilitation, dance teaching has been impacted by motion capture
systems by examining techniques using 3D spatial positions in real-time. To address this
issue, Yuan Peng developed a system that uses a dataset of 18 dance movements captured
subjects’ executions through an optical motion capture system[40] as it can identify dispar-
ities between poses using a 3D mode’s similarity comparison method based on Euclidean
norm. However, the system had flaws as it needed users with a MoCap suit for the com-
parative analysis that was not rigorous enough to consider motions with high amplitude
and people with different human body proportions(e.g., height, thinness).

To conclude this topic and explore systems that address issues related to the population of
interest, one study stands out regarding the risk of falls. This study developed a visualiza-
tion system for human balance ability using an improved version of the movement sensor,
Kinect two[19]. Human balancing can be seen as a displacement of the body’s centre of
mass over a support polygon defined using a foot track, which differs between people.
When assessing the balance, the centre of mass usually is estimated with anthropometric
tables in the biomechanics field or recordings with the support of specialized shoes and
a force platform[19] against average population baselines. This work uses a camera to
estimate and track real-time variations of the subjects’ body mass in the support polygon,
providing a more realistic metric of fall risk without the need for physical equipment on
the individual. The displacement of the centre of mass was estimated using zero rates of
change of angular momentum(ZRAM?*), providing a projected point on the support poly-

“Method presented by Goswami to determine humanoid human balance using the position of the centre
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gon and therefore creating a stability index estimated based on the distance between the

centre of the polygon and the projected point. The system employs an index representation

based on a colour scheme on the skeleton ranging from green to red, providing an accurate

and easy-to-understand metric for people without intrinsic knowledge of the concept.

1.2

Main Objectives

After researching the current state of the art regarding virtual personal trainers and de-

velopment in the performance of assessment, treatment, and rehabilitation of people with

sarcopenia, it is clear that there is an opportunity to create an immersive system for this

purpose using this type of technology. For this purpose, this dissertation has the following

objectives:

1.3

Develop an application that is targeted at elderly population and that addresses the
guidance and promotion of physical exercises execution and include support for the
assessment of some sarcopenia indicators.

Contribution to the development of an interactive virtual personal trainer based on
research regarding principles of motivation to promote an interactive learning envi-
ronment.

Design comparison criteria for evaluating the prescribed specific exercises using a
machine learning algorithm for human pose estimation.

Development of real-time feedback based on the user’s monitorization while per-

forming the exercises.

Dissertation Structure

The structure of the dissertation is the following:

Chapter 1 provides the reader purpose of this dissertation by disclosing the rele-
vance of this work and the main objectives defined after the researched relevance
of the study.

Chapter 2 defines the ageing condition, sarcopenia. The definition, health and
financial impacts, evaluation and prevention.

Chapter 3 shows the main animation concepts that were followed during the exe-
cution of this work.

Chapter 4 focuses on the exposure to the reader regarding human pose estimation

and its application in this work.

of mass, vector of ground reaction forces and the point of application of the force. The projected point
minimizes the rate of change
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* Chapter 5 presents the development of the system using the previous concepts.

Chapter 6 defines the application for the pilot study presented in the results chapter.
* Chapter 7 explains the results, evaluation of the failure cases of the human pose
estimator, pilot study and the procedure to analyse the system’s usability and the
discussion of the results.

» Chapter 8 defines the conclusion of the work based on the current work.



2

Sarcopenia

Preventing or delaying the onset of physical deterioration is an increasingly important
goal because more individuals are living well into their eighth and ninth decades due to the
advances in the health medical care industry. So findings ways to prevent or delay physical
deterioration in later years has become an important goal for gerontology researchers and
practitioners throughout the world[45]. The proposed term ‘sarcopenia’ appeared for the
first time in 1989 by Irwin Rosenberg to describe a progressive decline in skeletal muscle
mass (MM) related to ageing, and that may lead to decreased strength and functionality[1].
Nowadays, sarcopenia was revised by the European Working Group on Sarcopenia in
Older People in 2018 as a muscle disease. Enfacizing low muscle strength as the critical
characteristic of sarcopenia. Sarcopenia is associated with a significantly greater risk for
poor health outcomes, including disability and functional impairments, increased risk of
falls, more extended hospital stays and an increased risk of mortality[31].

In financial terms, sarcopenia is costly to healthcare systems. The presence of sarcopenia
increases the risk of hospitalization and the cost of care during hospitalization. An estima-
tion in 2000 showed that the USA spent $18.5 billion in direct healthcare costs related to
sarcopenia alone[31]. Among older adults hospitalized, those with sarcopenia on admis-
sion were more than 5-fold more likely to have higher hospital costs than those without
sarcopenia[13]. To analyze the reasons behind this increase in costs, Ana C. Antunes et
al. Daniela A. Ara conducted studies in hospitalized patients revelling that sarcopenia
increases the risk of pressure ulcers, infections, autonomy loss, and increased length of
hospital stay[1]. With these concerns in mind, preventing, recognizing and screening for
sarcopenia and developing steps for its treatment has become a significant public health
challenge[31].

2.1 Evaluation

Sarcopenia is a geriatric condition that develops over time, deteriorating muscle mass and

functionality; however, if caught early, this is preventable or reversible in some cases. Be-

9
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fore the evaluation for sarcopenia can begin, it is crucial to perform a screening test using
certified questionnaires to detect the presence of this condition. The questionnaire needs
to extract this information from the user so the system or trained professional can use this
information for the well-being of the user. For this purpose, one of the most used meth-
ods to assess experiences is questionnaires targetting this specific objective. SARC-F is a
certified diagnosis questionnaire developed with the primary goal of rapid assessment for
sarcopenia. The European Working Group on Sarcopenia in Older People recommends
this test to introduce the assessment and treatment of sarcopenia into clinical practice. The
main advantages are being inexpensive, convenient for sarcopenia risk screening and con-
sistent at identifying the risk[13]. SARC-F is a self-reported questionnaire by the patients
using five questions:(i) Muscular Strength, (i1) Walking Assistance, (iii) Getting Up From
a Chair, (iv) Go Up the Stairs and (v) History of Falls.

Component Question Scoring

. . | None=0
How much difficulty do you have in
Strength Some = 1

lifti d ing 10 ds?
ifting and carrying 10 pounds A lot or unable = 2
None =0

How much difficulty do you have Some = 1

Assistance in Walking . i
walking across a room? A lot, use aids,

or unable =2

None =0
) i How much difficulty do you have Some = 1
Rise From a Chair ) )
transferring from a chair or bed? A lot or unable
without help = 2
None =0

) ) How much difficulty do you have
Climb Stairs o ] . Some =1
climbing a flight of 10 stairs?

A lot or unable = 2
None =0
1-3 Falls=1

4 or more Falls =2

Falls How rr.lany times have you
fallen in the past year?

Table 2.1: Table with the SARC-F’s questions and their corresponding options.

Each questionnaire answer provides a score between 0 and 2, whereas the sum gives a
scale between 0 and 10. With this score, it is possible to infer the presence of sarcopenia,
where 10 is the worst possible case, and 0 is the healthier case. Sarcopenia becomes a
concern for the person once the score is equal to or higher than 4. After the evaluation
of the user through questionnaires, it is necessary to perform a series of tests to estimate

10
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how the person is affected. There are three types of tests that the patient can perform to
assist medical professionals in their assessment. For each type of test, there are several
procedures that the user can perform, having in this manner the ability to choose the most
comfortable method that will not harm or aggravate their current situation.

After a positive outcome from the SARC-F questionnaire, there are three more parameters
to confirm and evaluate the condition’s severeness for a more detailed assessment, (i)

Muscular Strength, (i1) Muscular Mass, and (ii1) Physical Performance.

Muscle strength can be evaluated by measuring grip strength or performing a chair stand
test. The grip strength test is the most simple and inexpensive, with a powerful predictor
of poor patient outcomes such as longer hospital stays[13], using a calibrated handheld
dynamometer and comparing the results with the appropriate reference population. The
chair stand test mainly evaluates the strength of the leg muscles, measuring the time for a
patient to rise five times from a seated position without using his/her arms. Accordingly

to the EWGSOP2, there are several procedures|13] to measure muscle mass/quantity:

* Magnetic Resonance Imaging or Computed Tomography
* Dual-energy X-ray absorptiometry
* Bioimpedance Analyses

» Calf circumference

Magnetic Resonance Imaging (MRI) or Computed Tomography are gold standards for
healthcare for non-invasive assessment. However, they are not commonly used due to
high equipment costs, lack of portability, demand for highly-trained personnel for us-
age, and cut-off points for low muscle mass are not well defined. Dual-energy X-ray ab-
sorptiometry (DXA) is a more widely available instrument, non-invasive and performed
in the clinical and research practice for measuring muscle mass. The disadvantage of
this equipment is the lack of portability and consistency when performing measurements
with different DXA instrument brands, and the patient’s hydration status can influence the
measurements[13]. BIA equipment does not directly measure muscle mass. However, it
estimates muscle mass, relying on whole-body electrical conductivity and a conversion
equation that occurs after a calibration based on a reference DXA-measured lean mass
of the specific population[13]. BIA equipment is affordable and portable, with the dis-
advantage of being influenced by the patient’s hydration status. These measurements are
prefered over the DXA measurements. Finally, calf circumference has been shown to pre-
dict performance and survival in older people[13]. It is mainly used as a diagnostic proxy

for older adults when other muscle mass methods are unavailable.

After the muscle mass, the individual needs to perform a physical performance assessment.
Physical performance is an objectively measured whole-body function related to locomo-

11
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tion involving muscle and central and peripheral nerve function, such as balance[13]. This
assessment needs to consider the individual’s current physical condition since he/she can
have locomotion issues linked to ageing diseases such as osteoporosis. For this purpose,
this assessment can be done using one of the following methods: (i) Get-Up-And-Go Test,
(i1) Gait Speed, (iii) Short Physical Performance Battery.

Get-Up-And-Go Test or Timed-Up and Go test (TUQG) is a mobility evaluation consisting
of getting up from a chair, walking 3 meters and coming back at a comfortable speed
returning at the end to the chair and ending the test by sitting back on the chair. In case of
failure, the person has severe sarcopenia since the individual will perform this exam after
not being able to fulfil the first assessment. Gait speed is a widely used test to analyse
walking ability and endurance in practice[13], mainly used in the 4-min usual walking
speed test where the gait timing is measured. Although this is one of the best tests to
perform, it needs a significant amount of space since the participants need to walk up to
400 meters. SPPB is a composite test that includes the assessment of gait speed, a balance
test and a chair stand test. Combining the scores of each test, the final score can reach
up to twelve points, whereas a score of up to eight indicates poor physical performance.
Although SPPB is used more in research applications, this is the one that provides the
most insight into the individual condition.

0 cnscal practce
s s onough %
igger assessment of
Causes and stan
nlorvenbon

or quality

OXA BiA CT, Mo

Figure 2.1: Sarcopenia: EWGSOP2 algorithm for case-finding, making a diagnosis and
quantifying severity in practice[13].
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2.2 Prevention

The following chapter provides guidelines to prevent this medical condition so the indi-
vidual can perform daily activities and strenuous tasks such as physical exercise, being
this the main focus of the dissertation. The referred daily tasks can have different physical
demands, ranging from self-care activities such as dressing or bathing to more strenuous
tasks such as carrying grocery bags, domestic work, or more advanced activities like phys-
ical exercise. Detection of low physical performance predicts adverse outcomes, includ-
ing falls, fractures, physical disability and mortality[13]. After assessing the performance,
it is essential to evaluate two significant components contributing to this worsening: (i)

Nutritional Regime and (ii) Muscle Strength Training.

Knowing the two significant components that contribute to the worsening, the first as-
sessment, the person’s nutritional stage, is essential since it is one of the primary energy
sources for all activities. This assessment is relevant for this geriatric condition since sar-
copenia is related to and at least partly over-arched by the general term of malnutrition.
However, nutritional assessment has many categories a person can fit into, and Figure
2.12 shows the possible outcomes that a person can be categorized. For this purpose,
the European Society of Clinical Nutrition and Metabolism (ESPEN) gathered to identify
validated screening tools for subjects at risk of malnutrition[9].

Nutritional disorder

I
L ' ' |

222 Micronutrient 2l
Malnutrition abnormalities Overnutrition

L . L 2 . | 1_1—1
Starvation- [ Cachexia/

related di
ander. isease-

weight related
malnutrition

Sarcopenia Frailty Overweight Obesity

Figure 2.2: Diagram showing all the possible outcomes of the nutritional assessment[9].

ESPN determined that for individuals identified by screening as at risk of malnutrition,
the diagnosis of malnutrition should be one of two options. The first option is by the low
mass index or BMI (< 22 kg/m? for subjects older than 70 years), and the second option is
the combined finding of weight loss with the reduced BMI or low fat-free mass index or
FFMI (< 15 and < 17 kg/m? in females and males, respectively). FFMI is measured using
devices such as Bioimpedance Analyses, Dual-energy X-ray absorptiometry, Computed
Tomography, ultrasound or magnetic resonance imaging (MRI)[9]. The nutritional assess-
ment is not of concern for this dissertation; however, the documentation is vital since it is
one of the main components of the evaluation and, in the negative case, for the prevention

of sarcopenia.
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Once the nutritional assessment is complete, the second component of the evaluation,
muscle strength training, can be addressed. Before the training can begin, it is crucial
to evaluate the current condition of the individual since the performance of some types
of exercises can aggravate or even create new injuries, which have drastic consequences
for older adults. Screening tests for sarcopenia can be a great starting point to assess the
current physical condition of the user since the presence of the condition will heavily affect
the physical function that the individual has. However, to detect this geriatric condition,
it is necessary to perform a series of tests to assess the presence of the condition and, if
present, the degree to which it affects the person. The following evaluations define the
process of identifying the presence and the category of sarcopenia: (i) Muscular strength
to identify Sarcopenia, (ii) Muscular mass to confirm Sarcopenia if diminished muscular
strength and (ii1) Physical performance to evaluate condition’s degree of seriousness.

After the nutritional assessment and the screening test for sarcopenia, it is essential to as-
sess the person’s muscle function to provide the best training program possible. There are
various training programmes to develop muscle mass and improve overall strength. How-
ever, these programmes, most of the time, are general and not customized to the individual,
which can have several negative impacts on the physical health of the elderly population.
Customized workout routines can be provided by assessing the person’s muscle function
through questionnaires and performance tests. This evaluation relies primarily on ques-

tionnaires such as the Rikli and Jones for older adults.

. Can do with | Cannot
Question Cando |
difficulty do

Take care of own personal needs 2 1 0
Bathe yourself, using tub or shower 2 1 0
Climb up and down a flight of stairs 2 1 0
Walk outside (1 or 2 blocks) 2 1 0
Do light household chores(cooking or dusting) | 2 1 0
Shop for groceries or clothes 2 1 0
Walk 1/2 mile (6-7 blocks) 2 1 0
Walk 1 mile (12-14 blocks) 2 1 0
Lift and carry 10 Ib (full bag of groceries) 2 1 0
Lift and carry 25 1b (medium to large suitcase) | 2 1 0
Do heavy household activities(vacuuming) 2 1 0
Do strenuous activities(hiking, bicycling) 2 1 0

Table 2.2: Rikli and Jones Questionnaire with the option’s score[44].
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The Rikli-Jones Questionnaire is an adapted version of a composite physical function
(CPF) 12-item scale designed to assess and discriminate across a wide range of func-
tional abilities, ranging from basic activities of daily living (e.g., dressing or bathing) to
advanced activities such as strenuous sports/exercise activities[44]. This type of CPF re-
quires participants to answer each of the 12 items with can do (2 points), can do with
difficulty (1 point) or cannot do (0 points), resulting in a potential range of scores from 24
(full function) to 0 (unable to perform any of the activities).

With the CPF score, it is possible to provide exercises that are accordingly to the current
situation of the person and their current needs in terms of prevention or rehabilitation of
this ageing condition. This score can infer the category where the user fits regarding the
severity of the condition. When the score is lower than 14 points, the user has low function-
ality; between 14 and 23 is moderate functionality and above this is elevated functionality
which corresponds to the healthier case. Using Otago Exercise Program[39], there is a
wide range of exercises for each category, allowing the user to perform safe exercises tar-
geted to the upper and lower limbs of the human body with relevant functionality for daily
activities. Roberta Rikli et al. Jessie Jones, the authors of the adapted CPF[44], proved its
validity by:

* Determining correlation with previously published scales

» Comparing CPF scores with treadmill performance (standard criterion measure of
functional capacity)

* Looking at the sensitivity of the test concerning identifying levels of functional

ability

In the ideal case, this scale would be performed in conjunction with a 6-min walk test[44],
but for this dissertation, the Rikli-Jones will be used to assess the user’s functionality
category.
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3

Animation Concepts

Human character animation over the years has been an increasing interest in development
due to its critical role in entertainment content production such as fiction films, video
games or virtual reality. With this interest, the development of tools increased to assist
designers and artists in their work’s creativity and realism, as in recent works related to
digital doubles to bring to life long-time deceased actors[34]. However, to provide a high-
quality tool, it is necessary to consider the challenge of human character modulation due
to different movements influenced by various factors, for example, mood, intentions or
activity[34].

This chapter presents the animation concepts that support the work carried out. These
concepts cover the definition and functionality of hierarchical models that form the vir-
tual personal trainer, the animation procedures for these models and the post-processing
pipeline to adapt the animation for usage for this dissertation and for most applications of

this technology.

3.1 Hierarchical Models

When an animator needs to create 3D complex object representations such as skeletons, the
most common approach to this issue is a parent model that uses multiple instances of other
simpler models or children where each has its specific affine transformation. Furthermore,
with human models, reflected instances such as arms or legs allow the structure to be
constructed by reusing parts in multiple positions with specific orientations or scales. In
this manner, a skeleton or a complex object can be treated as a list of these instances where
each of them has information regarding certain properties (e.g., colour, textures, shaders
and relative pose), resulting in a hierarchical relationship between the compound objects
and the objects that compose these. Figure 4.1 presents a human hand model to exemplify

this relation, showing the finger’s degrees of freedom (DoF)!.

'DoF is a variable used to describe the position of that part.
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Figure 3.1: Human hand model composition with their respective degrees of freedom
(DoF) and the notation for each part.

Using this hierarchical model as a reference, it is possible to see the palm as the origin or
root of the model where each of the fingers, acting as children’s models, are attached in
fixed places, meaning it has fixed translations but with varying orientations or rotations.
Each instance can be represented as homogeneous matrices encompassing the rotation
and translation in relation to the root or their parent element. It needs to consider their
respective DoF and the parent’s orientations to compute their orientation. For example,
the thumb’s proximal phalanx has three rotations or DoF, being its orientation in relation
to the palm given by

T, = Ty 1Ry 1Ry 2Ry 3

Where T}, 1 is the thumb translation in relation to the palm and R, 1,1=[1, 2, 3] are the ro-
tations. Relying on hierarchically organized bones, it is possible to employ this methodol-
ogy in animation. One animation example is Skeleton animation or bone-based animation
to animate the interconnected bones that compose a humanoid 3D model and, therefore,
the surface representation used to draw the object (e.g., skin, mesh, character)[50]. The
hierarchical structure also takes advantage of several controlling techniques, such as for-

ward kinematics, inverse kinematics or keyframing.

3.2 Rigging

After the skeleton definition, rigging is the next stage in an animator’s pipeline. Rigging is
one of the main stages of the animation process as it allows for the autonomous definition
of controllers and manipulators that are later attached to each skeleton body part for the

future manipulation of the animator. The constitution of the controllers can range from
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simple joints, locators, selection handles, and even an independent graphical user interface
(GUI) for control selection[4]. The primary purpose of rigs is to reduce the time consumed
on animation by allowing the manipulation of characters using manipulators and controls,
which previously was a tedious manual process. However, creating a rig needs to comply
with several needs and principles requirements that depend on the character and animation.

The following criteria are some of the most important to follow:

* Manipulating the animation controls will not damage or create an unorthodox trans-
formation on the rig

« Simple control structure with the essential amount of controllers required for the
animation

» Lightweight and easy to interact rig

Once the rigging artist follows these guidelines, the animator can use the rig to create the
character’s motion, relying on key concepts such as kinematics and skinning to produce

the most realistic outcome.

Kinematics is a subfield of physics that describes the motion of points, objects(e.g., rigid
bodies or skeletons), and systems of objects without considering the forces that disturb a
stationary state. How controls drive bones to move the mesh can also be defined. This
mechanism can be divided into two, forward or inverse kinematics, where an animation, in
general, will always have to apply Forward Kinematics or/and Inverse Kinematics to the
joints that compose an overall joint chain. Forward Kinematics, usually a default, after the
joints are connected one after the other in a chain, applies changes to a child joint based on
the rotation of the parent joint being the endpoint of the chain determined by the angles and
the relative positions of each joint that it contains. Conversely, Inverse Kinematics have an
opposite view, affecting a parent joint based on a child joint. To accomplish this task, it is
necessary to give a position in space, work backwards and find a possible way to orientate
the joints so that the endpoint of the chain can be placed at that position. This kinematic

is helpful in cases where a character needs to touch an object in a selected position.

Figure 3.2: On the left side is an FK hand where the finger rotation does not influence the
hand and an IK skeleton where the translation of the wrist, affects the whole skeleton[7].
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3.3 Skinning

When attempting to produce realistic outcomes, a set of rigid bodies connected via joints is
not viable. Skinning is a procedure that addresses this issue by computing the movement
of each vertex that constitutes the skin/mesh when the ’supporting” skeleton bones move
about their connecting articulations. For this purpose, the models need tissue deformations

capabilities similar to the skin when body articulations change their configuration.

At a high level, skinning algorithms can be divided into two categories: Direct and vari-
ational methods. Variational methods view the task as an optimization problem, min-
imizing an objective function, being mainly iterative solvers. On the other hand, di-
rect methods compute the deformations using closed expressions (e.g., without numer-
ical optimization)[22]. When comparing these methods, direct methods are particularly
attractive due to their capability to leverage parallel computing, allowing their usage in
real-time applications and GPU implementations. After the skeleton bones definition and
their respective transformation matrices, it is necessary to define the bones indexes that
will influence each vertex with the corresponding weights to apply these methods. Due to
graphics hardware considerations, it is common to use at most four non-zero weights for
every vertex[22].

Figure 3.3: Skinning example with a visual colour scheme representing the selected
bone’s influence on the mesh vertexes. This influence colour scheme ranges from red
(maximum) to green (minimum).

As previously described, bone transformations describe the changes to a resting pose (e.g.,
T-Pose or A-Pose). More specifically, the skeleton transformations represent the rotations
on the articulation joints and, if necessary, other affine transformations. The simplest form
to apply the skeleton transformations to the mesh is using the ”Linear Blending Skinning”
method. This type of skinning needs the following inputs[22]:

* Rest pose shape: typically represented as a polygon mesh, assuming the mesh con-
nectivity is constant(only vertex positions change during deformations), the rest-

pose vertices are v1,...,v, € R3
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« Bone transformations: Using matrices 71,..., T}, € R3** to represent spatial trans-
formations aligning the rest pose with its current pose, the input that varies during
the animation.

+ Skinning weights: For a vertex v;, the weights w; 1, ..., w; ., € R. Each weight w; ;
describes the amount of bone j on vertex i. A common requirement is that w; ; > 0

and Wi 1 + ...+ Wim = 1

Using these parameters, linear blend skinning obtains the deformed vertex positions v,
with the following equation

m m
/_ —
v, = E w; ; Tjvi = (E w; ;T;)v;

Skinning is an ongoing field of research in which Linear blend skinning is only one of
many approaches to this complex mathematical problem. To address this issue in this
dissertation, the solution that has been found is to employ secondary software from Au-
todesk that employs several of the state-of-the-art techniques that can be found in the
references[22, 27].

3.4 Keyframing based Animation

When the animation plays, the viewer cannot distinguish between pictures or frames, see-
ing a single picture and creating the illusion of continuous motion. Traditionally, the
animators would draw or paint individual pictures for the most important actions in a
sequence where the action between these key points would be filled with other pictures
where this process of filling can be referred to as in-betweening or tweening[6]. However,
increasingly demanding realistic animations do not allow animators to perform this task
manually due to time and complexity constraints. Nowadays, leveraging the increasing
computational load, computer-generated techniques such as keyframing or Motion Cap-
ture are preferred since they can perform this task in a fraction of the time and complexity.

Keyframing is an animation technique that uses essential frames or keyframes to define
an action’s start and end point, letting software perform the task of interpolating between
these frames. This type of animation is an improvement compared to previous techniques
since it facilitates the animator’s work and allows for the economic management of data
since it is not necessary to store every frame to define an animation. Apart from this, when
performing the computational task of deformation of the mesh/skin given the skeleton
configuration (skinning), when it comes to realistic movements, it is hard to define them

using explicit parametric equations.
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Figure 3.4: Adapted illustration with an animation using two keyframes at the start (A)
and end (C). Where the frames in between (B) were computer-generated[50].

Keyframing and Motion Capture based animation are an alternative to defining the “key”
configurations of the skeleton with an associated timestamp. When performing keyfram-
ing interpolation on animation, it is necessary to identify the following factors:

* Number of Keyframes on the animation: N
* Animation’s Starting instant: ¢

* Duration of the Animation: T

With these factors, it is necessary to compute the fraction of time that exceeds an integer

number of complete sequences, for example using a floor function as follows

t—to
T

tp=1—1tg—| [T

With this variable, the interpolation factor between the keyframes k and k+1 can be deter-
mined by

tr—t
§=—1 "k
Tet1 — tk

Afterwards it is possible to compute the interpolated transformation of two translations
and/or scale transformations as

T, = T + 6(Tit1 — Ty)

However, this method can not be applied to rotation matrices since it would not repre-
sent a rotation. An interpolation method between two 3D rotations is SLERP(Spherical
Linear Interpolation), introduced by Ken Shoemake in 1985. The main advantage of this
approach is the usage of quaternions. For example, a 3x3 matrix contains 9 DoF, requiring
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6 constraints to represent rotations. On the other hand, quaternions only need 4 DoF and
therefore require only one constraint to represent rotations[22].

Relying on this principle, it is necessary to use the quaternions g, qx+1 to represent initial
and final orientations and spherical linear interpolation (SLERP), defined as

slerp(qu,qit1:t) = qi(q; " qrr1)’

or
sin((1 —1t)0 sin(t0
Slerp<qk7Qk+17t) = %Qk + #(Q;Qkﬂ

Assuming the angle between the quaternions 6, cos(0) = qx - qx11.

3.5 Motion Capture

Another form of skeleton animation that concerns this dissertation is Motion Capture. Us-
ing the concept mentioned previously, this type of animation is a method that captures the
movements of objects in the real world and then inserts the captured movement data in
a tridimensional model that, in some cases, is in a Virtual Environment[36], commonly
used in gaming or movies industries. MoCap is widely used in all types of fields involv-
ing realistic and precise movement, whether in sports when assessing the performance of
athletes[42] or in animation. An example of the MoCap application in the gaming and
movie industry is the Lord of the Rings: The Return of the King[36], which used mocap
systems that rely on optical motion capture with passive markers to provide the animations
for the movie. One of the main requirements for the game version was the synchroniza-
tion between the original animations from the films and the game’s animation on intense
scenes such as combat scenes. The fact that the animations were made using motion cap-
ture saved countless hours for the production crew since the animations produced by the
motion capture were not only used in the film but could be transferred to the characters in

the video game.

Figure 3.5: Examples of MoCap application in the movie and gaming industry.
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With the need to represent complex animations and reduce animation time consumed, Max
Fleischer 1919 invented Motion Capture using rotoscoping to address these needs. Roto-
scoping was a manual method which allowed the animator to trace every single frame from
live-action footage to create moving images in the style of cartoon animation[28]. Nowa-
days, rotoscoping employs a digital camera to capture live action and computers to trace
the footage, these accomplished using 2D image processing and drawing tool. The first
attempt at creating MoCap systems was mechanical systems were the first attempt, usually
described as providing limited freedom for movement due to a high amount of cables and
prohibitive suits, damaging the capability of producing complicated actions. Eventually,
a broad spectrum of MoCap technologies emerged with engineering innovation, ranging
from mechanical, acoustical, magnetic, and optical, as the latter can be subdivided into
marker or markerless systems.

Motion Capture

Systems
A
r L 4 Al Rl
Mechanical Acoustical Optical Magnetic ‘
A
r Ll
Markers Markerless
A
f A
Active Markers Passive Markers

Figure 3.6: A diagram exhibiting all types of motion captures systems as these differ from
the design to the core of the functionality itself.

3.5.1 Choice of Motion Capture Technology

As presented above, many technologies are available to capture the movements that define
a specific exercise. The advantages and disadvantages of each of these technologies will
be briefly introduced to justify the choice.

Mechanical or active tagging systems use potentiometers and sliders on the desired articu-
lations, enabling the exhibition of the position. The advantages of this approach are easily
adaptability to stop-motion® due to the similarity of functionality and are unaffected by

2Stop Motion or frame-by-frame is an animation technique that uses a camera or computer to capture the
movement of physical entities. It works the same way as graphic animation, showing frames and waiting
for the viewer’s brain to do the interpolation. The models are moved and photographed frame by frame.
These frames are later mounted on a film, creating the impression of movement.
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magnetic fields or unwanted reflections, leading to a short recalibration process. Disad-
vantages include restrictions on actions due to the usage of cables and prohibitive suits,
inability to deal with simple motions(e.g., jumping) since the technology has no sense of
ground and recurrent need for recalibration[43].

Another marker-based motion technology is acoustical systems based on a set of sound
transmitters or emitters placed on actors’ main articulations with receptors positioned on
strategic points in the capture room[51]. Emitters provide sets of frequencies sequentially
to the receptors and, using the velocity of transmission of sound and triangulation meth-
ods between emitters and each receptor, compute 3D positions. With this functionality, the
system offers resilience to occlusions or interactions with metallic objects, which affect
significant other types of capturing. Nevertheless, the system has drawbacks associated
with missing data description in specific instants due to sequential firing[51], limitation on
the number of transmitters damaging the quality of animation, and restrictions on move-
ment caused by cable usage that connects the actor’s articulations receptors to the antenna
of the system and lack of robustness dealing with sound interferences namely external

noise.

Magnetic systems employ a set of receptors on actors’ articulations to measure position
and rotation relative to an antenna. Compared to other systems, the acquisition and pro-
cessing of data are performed with high precision[51], being useful for characterising sim-
ple motions. Weaknesses of this procedure are the necessity of a significant amount of
cables connecting to the antenna and the high sensitivity to magnetic occurrences(e.g.,
magnetic fields) or even the structure of buildings. One example of this technology is
the Polhemus Liberty motion tracking[41]. Polhemus uses a cube with three orthogonal
coils to each other, where each represents a coordinate axis (e.g., X, y and z) generating a
magnetic field. The actor or object has up to 16 Hall sensors that measure the intensity of
the magnetic field. By moving these, it is possible to measure the magnetic field variation
and therefore compute the position and orientation of each sensor.

Optical capture differs from the others since it can be divided into markerless and marker-
based and the latter into passive or active markers. When systems rely on the markerless
optical solution to predict 3D human joints coordinates, it is important to state that phys-
ical limitations are minimal given that the actor does not need to wear any equipment
being the capturing established by novel computer vision techniques that have been revo-
lutionized over the years by machine learning algorithms[11, 30, 8, 48]. The downside of
this method is the need for multiple expensive RGB-Depth cameras strategically placed
to supply multiple perspectives of the actor and, in this manner, avoid occlusions of body

parts which frequently occur in complex animations.

As described above, marker-based optical capture can be divided into passive and active
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markers. Passive markers usually are placed in a MoCap suit on the main articulations,
captured by high-resolution cameras positioned across the capturing area. Before the ac-
tor can perform the movement, there is a need for a calibration phase for unrelated ob-
ject avoidance purposes, where the actor performs one reference pose to the system(e.g.,
T-Pose or A-Pose). This reference pose allows the system to emit the IR rays sequen-
tially from each camera to reflect on the markers, allowing the system to synchronize the
capture so it can perform better. After the calibration phase, each camera emits the IR
rays sequentially onto the markers to supply the system with a 2D perspective of each
reflector/marker and with the perspective of at least one more camera, precise reflector
3D coordinates generated with triangulation techniques based on novel computer vision
methods. One factor influencing the system’s performance is the duration between the
emission of the IR rays from different cameras, where the longer duration worsens the
system’s performance. When a marker is occluded to multiple cameras, the system has to

estimate the marker’s location from the perspective of the occluded cameras.

After this system’s estimation, there will be several possible positions that the marker can
be. These are discarded based on the validation of other cameras that can see the marker.
Otherwise, the marker will never be defined. Active markers, on the other hand, utilize
Inverse Square Law?® Light Emitting Diode(LED) instead of markers that usually are iden-
tified beforehand, emitting their light powered by small batteries[36]. The disadvantages
of these techniques are difficulties with occlusions of markers leading to marker swap-
ping, problems of ambiguity since the system relies on a reference pose to start the precise
tracking of the markers and dependency for the intended usage of the motion capture data
for example, rapid movements need more frames per unit of time and therefore more sam-
pling from the system.
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Figure 3.7: Trial and error approach to estimate and validate the marker’s position.

With the presented information, one would incline to select the markerless system as the

best one due to the improvement over time with the advances in their key points acqui-

3Physics formula that describes the intensity of the light to an observer from the source as inversely
proportional to the square of the distance from the observer to the source
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sition using Machine Learning technology. However, these systems do not provide a
critical point estimation compared to the standard marker-based system in terms of per-
formance and precision. The main reason behind this is that marker-based systems have
more straightforward processing, which leads to more appropriate rates of acquisition from
the cameras, where each of these can be the most precise camera in the market. One ex-
ample is the cameras produced by Qualisys for marker-based optical motion capture that
can function at 1400 frames per second with a 0.06 mm precision. Furthermore, the sys-
tem can overcome occlusion problems by adding more cameras to more precisely validate
the marker’s position and markers to form the marker set since these are placed in a well-
defined position in the MoCap suit. The relationship between markers allows the system
to track and, if missing, estimate the position of the missing markers based on these. These
additions can contribute to a higher processing time for the CPU during tracking[51]. Re-
gardless of these factors, this technology had the most advances over the years in motion
capture[16, 38, 25, 55], reaching high levels of sampling rate, which enable the capture
of fast movements such as martial arts and acrobatics[51]. Also, with the support of ISR,
it was possible to access an optical capture room equipped with 10 IR(Infrared) cameras
that pulsate Infrared rays that reflect on the passive markers present on the MoCap suit.

Figure 3.8: The ISR optical motion capture room layout with ten cameras that emit IR
rays reflected on the MoCap suit with the passive markers to module the motion.

3.6 Retargetting

One common problem when dealing with animations from several sources is the existence
of diverse scales and configurations of skeletons due to application configurations or ob-
jectives of the animations. Especially when motion capture data is present in the animation
pipeline since one of this technology’s main goals is to reuse the information to facilitate
development such as video game development and animation production. Weidong Geng
et al. Gino Yu provide an overview of the various tasks and techniques involved in the
reuse of Motion Capture data[15], providing insight into the procedures employed in Mo-
tionBuilder to solve this problem. However, the problem of adapting the motion of one
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articulated figure to another with an identical structure but different segment lengths can
be solved using retargeting[17]. An example can be the transfer of an animation made
by a small child to a skeleton of a tall adult, different in bone length but with an identi-
cal structure. Applying the motion to the latter is not a trivial issue, requiring adaptation.
The adaptation approach must characterize an activity by retaining high-quality proper-
ties using mathematical methods that the system can efficiently compute. High-quality
properties are a very broad term since these, in conjunction, define animation’s realism.
However, to define these in a mathematical approach, it is necessary to define them pre-
cisely so the solution can address these. After acquiring the representative motion data,
rigging the motion, and the personal trainer, MotionBuilder offers a solution for this retar-
geting issue using their proprietary software to link these entities. This software considers
the different properties that define the skeletons, allowing one to model the actor’s ac-
tion in the most efficient way possible without the loss of realism that optical capturing

provides.
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Figure 3.9: Exemplification of the motion capture skeleton represented in green and the
3D humanoid model, being the image on the left side before retargeting and on the right
side after retargeting.

3.7 Editing and Exporting Animation

After retargeting and with the animation incorporated into the avatar, editing animation is a
critical step in the animation pipeline since the objective of the direction and the animation
might differ from the final product that the user will see. One example is using objects
such as chairs, weights or exercise balls during the performance of the exercise, which can
only be applied after the retargeting step. To accomplish this, MotionBuilder has built-
in functions to establish constraints between the skeleton of the coach and the objects.
These mathematical methods differ in terms of their objective and overall process. The
following constraints examples are some built-in functions of MotionBuilder, where all of

the available functions can be seen in the reference[33]:
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* (i) Position constraints: The source object constrains the translation of a target ob-
ject.

* (i1) Rotation constraints: The position of a source object or objects can be used to
constrain the rotation of another object.

* (ii1) Parent-child constraints: A relationship of parent-to-child between any two

objects where the movement of the ”parent” also occurs in the “child”

o
o

Figure 3.10: On the left side of the figure, the pink marker is constrained to the red markers
being only affected when the position of these changes (i). In the middle, the red cube is
constrained by the rotation of the source object B (ii). On the right side is a model’s hand
effector parented to a child-object sphere (iii).

With these valuable tools, editing the animation can modulate the execution of exercises
requiring equipment without needing physical equipment with markers during the optical
motion capture recording session. Of the previously mentioned constraints, the most used
in the animation development was the parent-child constraint due to the simplicity of their
usage and the objective(e.g., weights/exercise balls on the hands). Once the objects are
in place, the humanoid model needs to be modified to interact in the most natural form
possible. Using the IK/FK skeleton from the rigging process and keyframing methods, the
avatar’s bones’ translation and rotation can be adjusted while maintaining human limits,
which is highly relevant for this work. This task can range from lower-level undetailed
modification of bones such as the spine to high-level meticulous modification of hand
bones to provide the viewer with the sensation of genuine interaction with objects. After
animation editing, the avatar is ready to be seen by the user and integrated into the system.
For this purpose, the exportation of the animation can be in types of formats(e.g., Filmbox,
proprietary file format (FBX), BVH, DAE), which will be explained in later chapters as
what they represent and the best choice for the dissertation.
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Figure 3.11: Exemplification of animation manipulation using the built-in functions of
MotionBuilder.

To conclude this chapter, this dissertation will not explore state-of-the-art approaches used
in each of the described topics as the current technology provides the necessary func-
tionality for the objective of the work, being these referenced to contextualize the recent
advancement of the technology[34, 26]. To facilitate the reader’s understanding of the
animation process, the following figure shows, in order, the execution of the fundamental
steps described in the topics of this chapter. As it will be described in later chapters, to
follow this pipeline, it was necessary to utilize secondary software, proprietary software
from Optitrack for the Motion Capture and Autodesk, more specifically, MotionBuilder
to adapt the animation.

Animation Process
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Figure 3.12: Figure with the animation process followed to develop the animations de-
scribed in the latter chapters.
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4

Human Pose Estimation

The detection and tracking of objects or persons is a well-established research topic in
computer vision. Its resolution could lead to unique applications in sports, medical fea-
ture detection in healthcare or video surveillance. Furthermore, in sports, it is common to
utilize this technology nowadays to detect and track players’ poses so their actions can be
evaluated and improved if needed. In the sports field, this type of evaluation nowadays
is used to point out technical errors of high-performance athletes to improve their perfor-
mance however, this type of evaluation can also be used to assess and detect general errors
in a regular person’s performance when performing common exercises using the general

guidelines on how to perform it.

There are many procedures to detect the presence of a person in the image plane[49].
Nevertheless, one of the most essential distinguishing that can be done is according to
the approach taken, which can be single-person or multi-person. The single-person ap-
proach identifies a person’s pose in the image, the position of this entity, and a set of key
points, making it a regression problem. In contrast, the multi-person approach needs to be
concerned about other factors like the unknown number and positions of persons within
the image; being important that the framework can detect the key points and assemble an

unknown number of persons.

Figure 4.1: Pose Estimation using each of the approaches mentioned above, where on the
left side is the single-person and on the right side the multi-person approach.

With this knowledge in mind and considering the dissertation’s main focus, the exercises’
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evaluation will be in real-time on one person’s pose at a time, making the single-person
approach ideal, simplifying the whole user identification process once the exercise begins.
As mentioned before, the single-person approach is mainly a regression problem; however,
there are some major differences between the different kinds of methods used to identify
or predict the set of key points; being this technique commonly based on one of these
frameworks on the keypoint prediction[46]: (i) Heatmap based Framework and (ii) Direct

regression-based framework.

The Heatmap framework relies on types of visualization techniques with the main focus
on showing the magnitude of the phenomenon as colours using only two dimensions. The
colour variation on these heatmaps may have different meanings depending on the appli-
cation. However, it is useful in tracking methods since it can assign colours depending on
the movement of the entities present in the image, facilitating the task of identifying points
of interest by reducing the region of interest. This procedure creates heatmaps of all the
key points in the provided image, and with the assistance of additional methods, the final
stick figure can be constructed. One example of this pipeline is a person detector based
on a "stacked hourglass” network, closely related to encoder-decoder architecture, relying
on successive pooling steps and upsampling, producing the final set of predictions[46].

On the other hand, Direct regression is characterized by a regressor(e.g., a neural network
like a Deep Neural Network) to identify key points from feature maps directly. Where
feature maps are a form of a visualization generated by each layer of the neural network
to identify different features(e.g., edges, vertical/horizontal lines) that can provide insight
into the internal representation of certain inputs. These can be generated using filters,
feature detectors to the input image, or other feature maps output of prior layers. With
these maps, the regressor can supply an output with the coordinates (x, y) for each keypoint

present in the image.
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(b) Regression-based method

Figure 4.2: Illustration exemplifying the frameworks’ pipeline[29].
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Regardless of the approach, it is crucial to consider one of the most significant issues this
technology faces, occlusions. Occlusions are one of the main problems when perform-
ing an accurate pose estimation. Many approaches tried to deal with this issue, whether
on multi-person or single-person approaches. These approaches tried novel methods of
computer vision and, in many cases, the implementation of ML to assist the task of es-
timation. The description of these techniques can be seen on the reference [46], using
Non-Maximum Suppression to resolve this and eliminate redundant poses or a neural net-
work, Cascaded Pyramid Network (CPN), which included GlobalNet to localize visible

key points and RefineNet to handle the ones that were invisible or occluded vital points.

4.1 Selection of Pose Estimator

According to the objective of this thesis, the human pose estimator used needs to be opti-
mized to the single-person approach since the evaluation will be made based on one per-
son at a time. A viable form of development for this thesis would be using a multi-person
approach simultaneously to the personal trainer and the user. However, our trainer’s per-
formance was recorded previously; hence it is only necessary to analyze his movement
once, store the results and compare them to the person performing in real-time, making
the concept more appropriate for real-time usage. Apart from this, it is also necessary
that the single-person estimation algorithm achieve the best results possible when dealing
with obstacles such as body parts occlusions while minimizing the effects on the real-time
performance of the system. When searching for the best algorithm for this application, it
was found comparison research made by the BlazePose research team[32] where it com-
pared the state-of-art technologies in this field using mAP(mean Average Precision) and
PCK@0.2 accuracy metrics. For this purpose, based on the results provided by the follow-
ing figure and table, the BlazePose estimator or Mediapipe Pose is used in this dissertation
to analyze the poses of the virtual coach and the user with the advantage of being capable
of running at over 30 frames per second on mobile devices, and in more powerful devices,
even smoother[2].

Method Yoga (mAP)/(PCK@0.2) | Dance(mAP)/(PCK@0.2) | HIIT(mAP)/(PCK@0.2)
BlazePose GHUM Heavy 68.1/96.4 73.0/97.2 74.0/97.5
BlazePose GHUM Full 62.6/95.5 67.4/96.3 68.0/95.7
BlazePose GHUM Lite 45.0/90.2 53.6/92.5 53.8/93.5
AlphaPose RestNet 50 63.4/96.0 57.8/95.5 63.4/96.0
Apple Vision 32.8/82.7 36.4/91.4 44.5/88.6

Table 4.1: Quality Evaluation of the State-of-the-Art Human Pose Estimation using the
PCK@0.2 and mAP(mean Average Precision) metrics[32].
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Figure 4.3: Quality Evaluation of the State-of-the-Art Human Pose Estimation using the
PCK@0.2 metric[32].

After the comparison with state-of-the-art technology in human pose estimation, it was
necessary to assess the algorithm’s capability to function in real time compared to its
competitors. Knowing this requirement, the BlazePose research team also presented the
real-time performance of their algorithms using latency as a metric of evaluation when
applied to different types of hardware (e.g., mobile devices or laptops), where the most
relevant evaluation was related to the performance of the BlazePose Lite version which
has the best performance in terms of latency while maintaining good accuracy.

Latency
Method Pixel 3 TFLite GPU | MacBook Pro (15-inch 2017)
BlazePose GHUM Heavy 53 ms 38 ms
BlazePose GHUM Full 25 ms 27 ms
BlazePose GHUM Lite 20 ms 25 ms

Table 4.2: The BlazePose algorithm’s latency in two different types of hardware.

4.2 BlazePose Detector

With the previous table, it is possible to observe the clear advantage of using this algorithm
compared to other state-of-the-art technologies. However, it is essential to understand
this particular algorithm’s advantage over its competitors. For this purpose, this section
addresses how this Machine Learning algorithm works for the reader’s understanding.

33



Virtual Personal Trainer For Active Ageing

Face detector .
y with pose alignmemw
~ i Teny
Frame #1 — > Pose
Landmarks
if‘oso W

Pose

F i —

rame #2 > I

Figure 4.4: BlazePose Detector Inference Pipeline[3].

This improvement over competitors is due to the BlazePose detector-tracker setup using a
lightweight body pose detector which in Figure 4.4 is a Face detector with pose alignment,
followed by a pose tracker network. The Face Detector is an Machine Learning algorithm
tailored for mobile GPU inference. It can run at a speed of 200-1000+ FPS on flagship
devices[3]. Apart from this performance, it provides an accurate facial region of interest,
2D/3D facial keypoint or geometric estimation, facial features or expression classification,
and face region segmentation. The Detector uses the person’s face to obtain the torso’s
position and additional alignment parameters, which improves the tracker’s performance:

* Middle Point Between Person’s Hips
* Size of Circle Circumscribing Person

* Incline (Angle between lines connecting the two mid-shoulder and mid-hip points)

\
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Figure 4.5: On the left side is the BlazeBlock and on the right is the Double BlazeBlock
which compose the Blaze Facial Feature Extraction Network Architecture.
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Figure 4.6: On the left side is the BlazeBlock and on the right is the Double BlazeBlock
which compose the Blaze Facial Feature Extraction Network Architecture.

After the detection of a person’s presence in the current frame using BlazeFace Detector,
the Tracker can predict: (i) Keypoint coordinates, (ii) Person’s Presence and (iii) Refined
Region of interest on Current Frame. If the tracker indicates no human presence, the de-
tector network will be re-run on the next frame[2]. The tracker or person detector also
differentiates from its peers due to a different post-processing step. The majority of mod-
ern object detection solutions rely on the Non-Maximum Suppression (NMS) algorithm
for the last post-processing step[2]. However, this processing step when dealing with sce-
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narios that involve highly articulated poses like humans breaks down due to the fact of
multiple ambiguous boxes that satisfy the intersection over union (IoU) threshold for the
NMS algorithm[2]. The BlazePose Detector overcomes this limitation by detecting the
bounding box of a relatively human rigid body part, such as the face or torso being the
strongest signal to the neural network of the person’s face when describing the position of
the torso[2].

When dealing with a person’s constant presence, the algorithm saves a significant amount
of resources by only performing the tracking task each frame, being amongst the com-
petitors, one of the best choices for real-time usage. Apart from the procedure itself, it is
crucial when using a human pose estimator to learn the notation of the different key points
or landmarks that constitute the stick figure of the person. The authors have also provided
this notation where the notation relies entirely on the skeleton’s joints in 3D normalized
coordinates where the z coordinate or landmark depth is estimated based on the midpoint
of the hips being the origin. The estimator also returns an output related to the visibility
of each landmark, which helps identify occlusion situations and, in this manner, prevents

them.

Input RGB image
Heat maps +
Offset maps 256x256x3
64x64x99 128x128x16
64x64x32 64x64x32 64x64x32
32x32x32 32x32x64 32x32x64
16x16x32 16x16x128 16x16x128
8xBx32 8x8x192 8x8x192
4x4x192
Skip connection
2x2x192

Stop gradient connection

Key points+visibility: 38x3

Figure 4.7: On the left side of the figure is the neural network’s architecture that predicts
the position of the landmarks that constitute the skeleton, and on the right is the output
from the BlazePose with the respective notation.
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Development

With the main objectives and the review of the fundamental concepts, it is clear that the
development of this work encompasses several diverse topics to form the system. These
topics range from creating an immersive and interactive system and assessment of the
user’s condition after careful consideration by a medical professional to the promotion of
physical exercise while providing a component of entertainment. This chapter explains the
development of the interactive questionnaires, personal trainer exercises, exercise analy-
sis, relevant data for the system, the pose comparison between the user and the personal
trainer and the adaptation mechanisms of the system.

5.1 Interactive Questionnaires

One of the critical components of the evaluation of sarcopenia is the questionnaires that
supply information regarding the user’s current condition. As mentioned, there are two

main evaluation questionnaires:

* SARC-F: Presence of sarcopenia

+ Rikli-Jones: Category of severity

One of this dissertation’s main goals is to develop an interactive and immersive system that
can provide knowledge and entertainment. Questionnaires can be very tedious and time-
consuming, damaging the interaction with the user. With this concern, the implementation
of these questionnaires is in a manner that will require interaction with the user in real-
time by displaying the necessary information regarding questions and possible options
selected based on the user, more specifically, the hands. The information appears on the
screen with the support of voice lines that will read the questions in case the user can not
see the questions at hand, which is quite common when dealing with a population like
older people. These voice lines are helpful to read the questions out loud and to guide the
user when navigating in the system, substantially improving the interaction between the

user and the personal trainer.
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Stage Voice Line

SARC-F Inicial Menu I can s.ee th?lt you haver.l’t perform the SARC-F
Questionnaire, let’s do it.

Rikli-Jones Inicial Menu I have detected the presence of sarcopenia in you,

we need to perform this questionnaire as well.

Table 5.1: Table with the complementary voice lines that provide instructions to the user
while performing the questionnaires.

The voice lines rely on neural voice technology from IBM. This type of technology syn-
thesizes human-quality speech from input text using a variety of deep learning networks.
The product then uses three Deep Neural Networks to predict the acoustic features of the
speech to encode the resulting audio[23]. For each of the phones in a sequence of phones
to be synthesized, the acoustic model uses a decision tree model that considers the phone
in the context of the preceding and following two phones. Using these, it can produce a
set of acoustic units, reducing the complexity of the search since it only relies on units that

meet criteria of contextuality.
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Figure 5.1: The Watson text-to-speech from the IBM implementation pipeline, where the
top row image contains the general pipeline from the input text to the output audio. The
bottom row contains on the left side the Synthesizer network, and on the right, the Prosody
generator [23].
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The detection of the hands was possible by using cvzone! which incorporates the Medi-
aPipe hand detector that tracks the hand keypoints of the user[54]. This hand detector
relies on a pipeline that uses two models, a palm detector that supplies the bounding box
that contains the hand and a hand landmark model that uses the cropped hand bounding
box to predict the hand skeleton[54]. With the cvzone library, it is also possible to de-
fine the key points that are important for the application, which in this case are the index
fingers of both hands. With the index fingers, it is possible to define a collision function
that will interact with the available options for the questionnaire, allowing the person to
respond quickly to the questions. Once the mechanisms of interaction are working, the
person can fill out the questionnaire where in the end, the estimation of the score based on
the answers will provide a final verdict that reveals if sarcopenia is present in the case of
the SARC-F and the severity of the condition with the Rikli-Jones questionnaire. Storing
the person’s final scores in a file at the end provides a practical use for future implemen-
tations(e.g. using the data of creation of the file, it is possible to create a weelky periodic
function that reassesses the person’s condition) and allows the system to redirect the user
to exercises that are the best fit for their condition. With the stored values, the user only
performs this task once, allowing the user to focus on more important tasks inside of the

system.

How difficult is it for you to move
around a room?

How difficult is it to lift and carry 4.5kg? How difficultiis it for you to move
around a room?

|_None J Some JJ Great | § None Ji{ Some J§ Great |

Figure 5.2: Real-time Interaction Mechanisms using the cvzone library, specifically the
hand detector. These mechanisms work for single-hand usage (top row) and, if necessary,
use both hands simultaneously (bottom row).

'Computer vision package to run the Image processing and Al functions using OpenCV and MediaPipe
libraries.
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5.2 Personal Trainer Exercises

Once the system can recognize the user’s presence and the severity of the condition, the
personal trainer needs to provide the exercises that suit the user’s needs. After careful
research on the topic, it is possible to define a good amount of physical activities per cate-
gory that target different muscle groups, supplying a diverse catalogue of exercises. With
the movements relevant to this work, it is possible to use the optical motion capture sys-
tem to record a certified actor while performing these, providing the correct performance
of the movements and therefore supplying a reliable animation that can be transferred
to the avatar that can serve as an example performance. To accomplish this objective,
the technician must follow a pipeline of procedures to provide the best possible outcome
from the optical motion capture, transfer of the motion to the avatar, and gather relevant
information based on human motion analysis.

Personal Trainer Exercises

Optical Motion

Capture Personal Trainer

+ Transfer Motion To

+ Exercise Analysis -{Store Relevant Data

Figure 5.3: Implementation Pipeline of the personal trainer exercises.

5.2.1 Optical Motion Capture Procedure

As mentioned previously, optical motion capture received increased interest over the years,
making it a standard in industries requiring animations with natural human characteris-
tics. However, providing this level of detail requires an extensive and specialized creation
pipeline, going from the hardware setup to the final product delivered by the software used
for the animation. Seeing that Institute of Systems and Robotics provided the hardware
setup and physical equipment necessary to record the actor, in this document, the main
focus will be on describing the pipeline from the available hardware and good practices to
the file delivered by the software to incorporate into the avatar. The following flow chart
shows the main steps that need to be accomplished by order of performance to obtain a

quality animation.

Optical Motion Capture Procedure

Camera

Calibration Skeleton Performance

.{ Create Actor's },{ Record Actor's Ll Post Capture

D’ Export Animation

Figure 5.4: Flow chart with the order of performance from left to the right side, exempli-
fying the key steps of Optical Motion Capture using passive markers.
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Although this flow chart explains the main steps to capture movement, there is an exten-
sive list of requirements and good practices that a technician and actor need to comply
with to ensure the best tracking results that the system can provide. Starting with the good
practices that a technician needs to follow, the following topics are related to the prepara-
tion of the capturing room area to prevent the presence of artefacts, performed before the

actor enters the area:

* Removing obstacles that obstruct the camera’s views.
* Minimizing the system exposure to light interferences such as sunlight.

* Masking reflective objects in the capture room using physical procedures.

After careful preparation of these capture area procedures, it is necessary to perform the
camera calibration phase so the system can accurately detect and track the MoCap marker’s
suit. This procedure is performed on the capturing software using methods that rely on
the usage of specialized instruments(e.g., calibration wand and triangle) designed for this

purpose, where calibration can occur using the following steps:

* Remove objects that physically interfere with IR light by masking procedures em-
bedded in the software.

* Wanding calibration wand with markers in a specific configuration for sample col-

lection.

* Definition of the Ground Plane to refine camera position and orientation.

The wanding process aids in camera calibration by utilizing a specific markers configura-
tion present in the wand to reflect the several IR-rays emitted by the cameras, pinpointing
their locations. It is crucial to change the position and orientation of the wand as it is per-
forming calibration so the software has an idea of the capture room layout. The system,
while recording, will provide feedback on metrics related to the calibration quality so the
technician can perform it correctly. After camera calibration, it is necessary to define the
ground plane of the capture volume by utilizing a proprietary calibration triangle where
the vertices are composed of markers. Orientation of this tool is vital since it will pro-
vide the information related to the X, Y and Z axes, where the long side of the triangle
is the positive Z axis, and the shorter side, the positive X axis using the Y axis pointed
upwards. After the precise definition of the camera’s positions and the correct estimation
of the ground plane, the actor can wear the MoCap suit that contains the passive markers

in a specific configuration.
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Figure 5.5: The top row presents the wanding process, and the bottom row shows the cal-
ibration triangle with the respective axis to define the ground plane, aligning the cameras
according to it.

On the Optitrack software, Motive, there are several choices in terms of marker sets to
be selected that differ in the number of markers and positions in the suit itself, allowing
the system to be versatile in their usage(e.g., record only the upper body or obtain a more
precise estimation using more markers). In this dissertation, the baseline marker set us-
ing 37 markers was found to be sufficient since it provides the level of detail required.
However in future works, if the animation needs to be more representative, there are other
marker sets in the software that use more markers, for example, the biomechanics marker

set Rizzoli Body with 43 markers.

Figure 5.6: Configuration of the marker set to record the animations incorporated into the
avatar.
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Following the recording session, depending on the type of movement, unstable estima-
tion, occlusion, or unlabeled markers will be a common occurrence when a system has
insufficient cameras or markers. In animating articulated figures, we are often concerned
with signals defining joint angles or positions of joints[5], which is the case of this system
where the markers’ positions over time are signals containing values of each frame of the
capture session. With this assumption, dealing with the previous issues can be seen as a
signal processing problem where markers’ positions, along time, will define a spline curve
with gaps or jitter due to missing data or inaccurate estimation. Software embedded meth-
ods manage these occurrences with interpolation functions(e.g., linear, cubic) that use the
points before and after the gap and smoothing functions for jitter based on low-pass filters

with customized cut-off frequency.

(A) (B) (C)

Figure 5.7: Example of the post-capture method used to improve the overall definition
of a curve related to a joint using linear interpolation(A->B) and a low-pass filter with a
cut-off frequency of 3 Hz (B->C).

Once the capture and post-capture steps are complete, the software allows the animator
to export in several formats that differ in terms of the information provided. From the
table below, it is possible to observe the formats with the most information about the
capture session are the FBX? and CSV (Comma-separated values) format. Both provide
reconstructed 3D marker data and, most importantly, the skeleton data established by the
markers that will form a connection between the performance of the actor in the capture
session and the pre-defined skeleton of the avatar. The table also shows another helpful
format, BVH?, which only supplies skeleton data being ideal in terms of optimized us-
age. However, due to incompatibilities between software when using BVH or CSV, FBX
was chosen as the primary format of the implementation, delivering the skeleton data and

afterwards merging it with the virtual personal trainer skeleton.

2FBX (Filmbox), a proprietary file format developed by Kaydara to supply 3D geometry and animation
data represented in ASCII or Binary data.

SBVH (Biovision Hierarchy) originally developed by Biovision, a motion capture services company to
provide motion capture data.
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Tracking Data Type CSV | C3D | FBX | BVH | TRC
Reconstructed 3D Marker Data X X X X

6 Degree of Freedom Rigid Body Data

Skeleton Data X X X

Table 5.2: Table with export data types available in the software, showing the information
provided by each of them[37].

5.2.2 Personal Trainer Motion

After the recording session in the motion capture room, the FBX file that contains the
motion data needs to be transferred to a 3D humanoid model. The Mixamo* humanoid
character facilitated the process of animation by providing a mesh and a gold standard hu-
manoid rig, avoiding in this manner the definition of these which can be a very detailed and
time-consuming process. Although one problem remained, the motion data could not be
transferred directly to the character since the motion. Optitrack provides a streaming mode
where the motion data can be streamed onto external applications(e.g., Motion Builder,
3ds Max) in real-time with the assistance of streaming plugins[37]. After exploration of
this option, it was clear that the motion data needed post-processing due to jitter and other
issues related to the MoCap markers occlusions resulting in unrealistic animations. After
motion data post-processing and exportation of the file in FBX format, one of the most
viable options to perform this data transfer is using secondary software, MotionBuilder®

Using MotionBuilder, it was possible to define rigs that complied with standard criteria
regarding rigging and more. Seeing that the types of exercises required different environ-
ments settings and conditions, this software allowed for the manipulation of joints, bones,
and objects that were not possible to define only using Motion Capture(e.g., the definition
of hands movements due to lack of markers), providing a level of detail which was not
possible without it. Apart from these advantages, the software can modify animation using
the rigs with forwarding, inverse kinematics, and keyframing techniques. These mecha-
nisms are beneficial as the movement is no longer defined only by the capture session,
allowing modification based on the animator’s needs or interactions with objects such as

weights or chairs.

“Mixamo is a computer graphics technology company developing services for 3D character animation,
supplying animation sequences and several 3D character models that differ due to morphologies.

SProfessional 3D character animation software by Autodesk primary purpose of virtual production, mo-
tion capture, and traditional keyframe animation.
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Figure 5.8: Two animations with and without objects where it is possible to observe the
difference in terms of realism.

5.2.3 Exercise Analysis

After the detailed task of animating the virtual character, the evaluation of the personal
trainer and user performance needs to be in a form that generalizes the exercise using the
least possible amount of information. For this purpose, there are several ways to accom-
plish this analysis; however, in this dissertation, only the three main approaches when
developing this work will be discussed, showing all the advantages that the final evalua-
tion techniques provide. The main approaches are:

* Fuclidean Distances
* Adaptive 2D Grid
» Static 2D Grid

Before the main approaches, it is crucial to discuss the reduction of the amount of infor-
mation processed by the system in real-time. One way to accomplish this is by reducing
the number of variables being monitored in real-time when observing the motion. As
mentioned before, there are several outputs for each landmark that the pose estimator sup-
plies(e.g., 3D position, visibility); however, after experimenting with the estimator for
several exercises, it was possible to observe that the description of the movements in most
cases is sufficient using only two dimensions without losing essential information. Nev-
ertheless, to accomplish this simplified analysis, first of all it is necessary to convert the

normalized coordinates in three dimensions into image coordinates in two dimensions.

5.2.3.1 Application of the Estimator on 2D Image Plane

BlazePose is a human pose estimator that provides four outputs:
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* Landmark coordinates (X, y) in the image plane normalized between 0 and 1 ac-

cordingly to the image height and width.

» Landmark depth z calculated assuming the depth at the midpoint of the hips as the
origin (the closer the value of the depth, the smaller it is).

* Visibility is a value with a range of [0.0, 1.0] that indicates the likelihood of being

visible in the image.

The landmark’s depth uses the depth at the midpoint of the hips as the origin, becoming
the value smaller as it comes closer to the camera[2]. Based on the output provided by the
human pose estimator, a viable way to create the evaluation algorithm would be using the
landmark coordinates (x,y) in conjunction with the landmark’s depth z. In this approach,
it is possible to observe movements that vary according to the depth axis, for example, if
the hand is closer to the body or the camera. It can be helpful in some exercises; however,
most of them could be evaluated based on the variation in the x and y-axis related to other
body parts, simplifying the whole assessment process and decreasing the amount of data
used in the analysis. The neural network gives normalized 3D landmark coordinates, but
for the objective of working on the image plane, the system needs the coordinates related
to the image dimensions. Although the normalization is valuable and efficient when stor-
ing the values or calculating metrics such as euclidean error, the coordinates of the key
points based on the image are more discriminant allowing the assessment of the person’s
performance. Undoing the normalization of these outputs computes this information using

a formula that considers the image’s dimensions.

value = value,orm * (Valueg, — valuey,) + valuey,

5.2.3.2 Euclidean Distances

Pose comparison between poses has seen several approaches with different methodolo-
gies, using Euclidean distance, the difference between angles of the joints, or Discrete
Fourier Transform (DFT) that identifies periodicities in the data to compare them, used
mainly in action recognition. Euclidean distance was one of the implemented approaches
since it is the simplest one while fulfilling the evaluation purpose. This method was de-
veloped by calculating the distance between different body parts to execute the action.
For example, the Euclidean distance between the hands and the shoulders was significant
when executing a bicep curl since this varies significantly over time. With these types of
distances and an algorithm based on thresholds, it would, in some exercises, be sufficient

to evaluate the execution.
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Figure 5.9: Euclidean distance method exemplifies the difference between a good(left
side) and bad(right side) Bicep Curl execution.

Although this hypothesis works for several different exercises, some issues originated
from following this method. One of the significant problems observed was the dispar-
ity of euclidean distance values between people of various propositions. Thresholds that
evaluate the exercise depend on these values, originating the need to adjust the thresholds
for a portion of the population but worsening the system’s overall performance for others.
Although the thresholds can describe some exercises, there is no way to assess whether
this occur do the correct positions of landmarks or if it happens in a different pose than
what was asked for by the user. For example, suppose the position indicated by the per-
sonal trainer is to place the right foot in front of the left foot. Theoretically, the user could
put the left foot in front of the right one since there is not a discriminatory factor based on
the body parts.
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Figure 5.10: These graphs display a Bicep Curl repetition performed by people with dif-
ferent proportions. The left graph shows the smaller person’s performance, and on the
right side, the larger person’s performance.
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5.2.3.3 Adaptive 2D Grid

After noticing the disadvantage of the euclidean distance approach, future approaches
needed to be discriminatory in terms of body parts used in the performance of an exercise.
The second approach developed in this work had that objective, the adaptive grid. This
type of grid was a set of lines defined and updated in real-time using the 2D position of
anatomical landmarks(e.g., the nose from a middle vertical line or the shoulders for a hor-
izontal line) from the skeleton joints supplied by the BlazePose to create each cell of the
grid. With the cells or regions, the system could detect the presence of the landmarks of
interest over time. With this information, the system can monitor the trajectory of the land-
marks of interest using the regions to describe the performance and, therefore, an exercise
buffer. This method provides a simplified exercise description, and in theory, a universal
evaluation since the grid is formed based on the person. The personal trainer’s perfor-
mance can act as a baseline for the system to evaluate other individuals using the stored
exercise buffer, labelled using the name of the exercise. When trying this hypothesis, the
system could create and update the grid in real time without affecting the overall perfor-
mance. However, the grid had one major disadvantage, recurrent collapsing regions. This
problem was due to the creation of lines based on the positions of moving or non-static
joints. One primary example of this phenomenon was when evaluating a repetition of a
sitting exercise where the hip line would overlap other lower lines of the person when the

person reached the midpoint of the repetition.

Figure 5.11: Virtual personal trainer performing the lifting from the chair exercise, orig-
inating collapsing regions and therefore affecting the evaluation of the exercise.
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5.2.3.4 Static 2D Grid

Although the adaptive 2D grid had some disadvantages, the grid procedure still is a viable
form of analysis due to its discriminatory nature. With the regions, it is possible to dif-
ferentiate orientation(e.g., left/right side) and trajectories along the time of the landmarks
of interest while providing a discriminatory method for people with different proportions.
Establishing these new discriminatory regions requires the positions of the selected joints
and relative distances based on these to form the lines, creating a grid that contains more
regions and, therefore, is more accurate for the exercise evaluation. After experimenta-
tion, one form of the grid came to mind, a static grid. With this type of grid, the issue
of recurrent collapsing regions disappears since they are constant over time. However, to
form the grid, the system needs to estimate the most representative values of each joint
of interest based on the current person’s position, allowing the person to create their ex-
ercise zone. After extensive experimentation with selecting the joints of interest for the
grid, the conclusion was that the formation of the grid could not be only joints because,
in some cases, the change of the landmarks of interest, over time, would be too subtle.

Nonetheless, the resolution of this issue is possible by utilizing other metrics specific to

the user.
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Figure 5.12: Joints selected and relative distances for the grid formation, being on the
right side the notation for the regions.
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Index Relative Distance
Landmarks of Interest | Index 1 (nose, — shoulder,) - g
Nose 0 2 (shoulder, — nose,) -
Shoulders 11, 12 3 (shoulder, + hip,) - 3
Hips 23,24 4 (hip, + knee,) - 3
Knees 25,26 5 (knee, + ankjley) . %
Ankles 27,28 6 (rightshoulder, + le ftshoulder,) - +
Front Toes 31,32 7 leftshoulder, + 1.2 - Indexg
Table 5.3: Landmarks Of Interest to form the 8 leftshoulder, + 1.2 - Inde

2D grid with the pose landmarks indexes.  Taple 5.4: Relative Distances ordered by the
indexes in the previous figure.

The gathering of the joint values is different for the personal trainer and the user since
it knew beforehand that the coach would not move from his current location. For the
personal trainer, the values that form the static regions use the values seen on the first
frame of the exercise in video format. While for the user, it is important to assume that the
person will move around the exercise zone, resulting in a more detailed calibration process
for these values, where the whole process is in the chapter relative to the comparison of
poses between the coach and the user. With the grid formation, the system can perform
the exercise analysis using a fraction of the information supplied by the pose estimator

when running it on a correct repetition of each exercise.

Static 2D Grid

A 4

Calibration Process—> Grid Formation Exercise Analysis

Figure 5.13: Final approach for the formation of the grid which will serve as a guideline
for the exercise analysis.

5.2.3.5 Relevant Data

As mentioned before, most exercises have the evaluation from a single constant camera
perspective, with a static camera in front of the person or coach. With this observation and
with the concern for optimization of the system performance, the exemplification of the
exercises will be in video format since it can provide the information necessary for the user
and the system while improving the performance when compared with the alternative of
placing the personal trainer in a virtual environment while performing the same evaluation
from the same camera perspective, saving significant amounts of processing power for

other tasks.
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The relevant data for a system can vary accordingly to the objective, the equipment that
composes a system and the requirements the system must follow. However, a real-time
system not only addresses these rules but also needs to consider the amount of memory
used while running to avoid common issues like memory shortage. With this concern,
when the system’s exercise analysis is running on the personal trainer, it only needs three

parameters:

» Specification of the landmarks of interest

* The trajectory of the landmarks using the notation of the regions that compose the
grid

 Identification of the exercise

Specifying these parameters allows the system to track its trajectory during the perfor-
mance while associating it with the exercise at hand. At the moment, the technician spec-
ifies these parameters manually after carefully observing the trajectory periodicity of the
different landmarks that compose the skeleton; however, the definition of these only oc-
curs once, providing the system with the ability to use this information to evaluate the

user’s performance of the exercises.

Another helpful feature this approach offers is tracking when a landmark of interest is in
a region of interest and when a transition between these regions occurs using timestamps.
With this information, the system can display or interrupt the video showing the exercise to
provide meaningful interaction between the user and the coach. For example, the personal
trainer can stop at a critical point of the movement (e.g., in the middle of the repetition) and
wait until the person reaches this point to continue the execution of the exemplification.
This feature allows the person to follow along with the coach simulating a typical real-life
interaction when instructing a person on how to perform a movement. For this purpose,
the system needs to extract and store the timestamps when the transitions of regions occur
and find a point where it is safe to interrupt the video to ensure that it stops at the correct
timestamp. The system to estimate this value uses the timestamps of the transitions when
it enters and when it leaves the region to compute the mean timestamp for the region at
hand. Using the mean value ensures a safe timestamp for this feature since the equipment
used to run the system can vary on computational power affecting the velocity at which
the video runs. After the estimation, the system can store these values in files with the
identification of the exercises and different directories based on the categories in which
they fit.
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Store Values in Exercise File

&

,."'istlmatc Transition \,
n- » and Mean of Region |
. \ \alues

Coach Video h

Figure 5.14: Diagram showing the process of timestamp extraction from the video per-
formance of the coach.

5.3 Pose Estimation

With the analysis of the exercises completed exemplification, the system can now anal-
yse the user’s performance since the pose estimator is the same and the requirements es-
tablished for the personal trainer apply to the user, which means that the user, after the
calibration process, can perform the exercises assuming that it has the same orientation
toward the camera as the avatar. However, as mentioned before, some concerns involve
occlusions when using props to perform the exercises. One attempt to avoid this, which
can affect the performance and efficacy of the estimator, was the strategic placement of
props when needed to perform the exercises in a way that will not occlude any relatively
rigid body part, which is essential to estimate the skeleton, like the face or the torso being
this an assumption made by the authors of this estimator in the case of single-person use
case[2]. The assumption mentioned above is also in mind when evaluating the exercises.
Since the system setup consists of single-camera use, the face must be present in the im-
age plane, being necessary that the user is in frontal view or faced 45 degrees away from
the camera, improving the algorithm’s performance without affecting the execution of the
exercise. In the exercises with props that could not be moved, a deteriorating performance
from the estimator on the user/avatar can be seen, which will be discussed in the chapter
regarding results. The analysis of the user’s performance resembles the avatar, meaning
it is possible to define a good/bad repetition with the exercise buffer and the landmarks
of interest since the user and the avatar perform the movements in a similar environment
allowing for the simplification of the overall system and universal behaviour due to the
formation of the static 2D grid using relative distances based on the characteristics of the
person. Regardless, it is important to explain the whole procedure of the comparison be-
tween these poses, which is the main focus of this dissertation.
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5.3.1 Comparison Between Poses

As mentioned before, the calibration for the user differs from the avatar’s, meaning that
the calibration phase will be a time interval where the person needs to perform the T-Pose
for ten seconds. In this time interval, the person needs to be immobile and remain in the
zone where it will execute the exercise so the system can accurately form the grid. At the
same time, the system needs to track minor variations that a person performs during this
interval while maintaining the pose. The mean of all the values collected along the time
can compute a robust estimate of the joint’s position and, therefore, the lines that compose
the grid. To avoid the person’s movement during this phase, the person needs to place the
landmarks of interest(wrists and ankles) in the correct regions for the timer to start and
maintain it. While performing the calibration, the person can see through a colour scheme
when the landmarks of interest are in the respective areas(e.g., green regions when the
landmark is present and red when absent), indication using text when recording the values
and the timer value in real-time. After the calibration, the regions will be static for the
remainder of the exercise execution, where one point appears in the person’s skeleton,
representing the person’s centre of mass. This point allows tracking not only the centre
of mass but also the offset along time that the person has from the calibration due to
movement or rotation, activating if the increasing offset passes a certain threshold, the
calibration process, allowing the user to establish the new exercise zone without affecting
the exercise analysis.

User Execution

» » VGood
Repetition
Comparison

Criteria
N o

Repetition

Coath Execution

Figure 5.15: Simplified Model of the Comparison Criteria.
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Figure 5.16: The figure shows the grid method’s appliance to a pre-recorded video of a
bicep curl execution on the left side and the right, the grid formation on the virtual personal
trainer.

As the user performs the exercise, this descriptor will update in real-time with the regions
where the landmark passed and, at the same time, will be compared with the stored exercise
buffer provided by the coach allowing in this manner to assess whether the user performed
a complete repetition in the correct form. Depending on the exercise, these descriptors can
be composed of one or more landmark trajectories since the activity may involve multiple
body parts.

The main advantages of this technique are: (i) Simplicity in terms of implementation,
(i1)) Lower computational cost since it uses a small number of landmarks and a lower
dimension of coordinates to characterize an exercise and (iii) Robust analysis of people
with different proportions.

User Exercise Dofter

Bl us Match Repetition Well
f ) Performed
—4 String-Matching
' \ Repetition Badly
Coach Exercise Buffer No Match Performed

L5/ L4 L3 Le LS

Detecting and Tracking
Landmarks

Figure 5.17: Diagram showing the pipeline of the approach implementation where the
string-matching comparison method evaluates the person’s performance in real-time based
on the stored buffer of the personal trainer.

5.3.2 Adaptation of the Exercise

When a person reaches a point of discomfort or frustration by not finishing the exercise, it
is crucial to adapt the exercise since the objective is to stress the muscle to a certain degree
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to obtain progress but not harm the person to a point where it prevents the usage of the
system in the future and this manner affecting the consistency of the exercise routine of
the user and overall improvement. To be effective, a coach needs to perform the exercise
and adapt the exercise based on the person he is teaching and guiding. Since sarcopenia is
a debilitating geriatric condition restricting movement and flexibility, some exercises need
to be safer in their execution so the system can benefit the user more than harm. With this
concern in mind, several approaches could be followed, but these that will be mentioned
are the ones that seem to be the more appropriate: (i) Adapt the exercise to perform it
slower and, if used, lower weights and (ii) The coach simultaneous performs the exercise
and, if necessary, stops their execution based on the feedback that they receive from the

person.

Depending on the severity of this condition, the user can be affected in a specific body
part or whole body, being this justifiable on their on to get a medical professional initial
assessment to provide this information. Based on this initial assessment, the coach will
emphasize the exercises that work on these affected body parts without harming or ag-
gravating the individual by slowing down the exercise and then changing to a different
exercise that works on another body part, if not possible. As the coach’s performance is
in the system as a video format, it is possible to implement a mechanism based on video
compression and frame decoding that allows the personal trainer to change the speed of
the exercise without a high cost to the performance of the real-time system providing an-
other advantage of using this type of format when showing the exercises. Once the video
is playing on a lower frame rate, the coach can provide a voice line related to the weights
by informing the user to lower the weight used while performing the exercise, creating a
meaningful interaction by giving the user the feeling of being supervised in a customized

form.

dean Distance

Euc

Figure 5.18: On the left side of the figure is the coach’s typical performance and on the
right is the adapted form of execution for the same exercise. The Euclidean distance metric
between the landmark of interest and the body parts of interest, shows it reaching its peak
in different timestamps.
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As for the third approach, it is possible to perform this using the timestamps, where the
system detects a transition between regions by tracking the landmarks of interest and esti-
mating the meantime the coach takes between each region of interest. With the size of the
exercise buffer, it is possible to estimate a critical midpoint of execution of the exercise
and therefore stop the video of the coach when the system detects that the person is not
performing at the same speed as the personal trainer is. When the individual reaches the
critical midpoint of the exercise, the video can continue to play until it is completed and,
if necessary, repeat the video until the user is satisfied with their performance.

Calibration Phase RECORDING | Secated Opening Arms  Category: Strength Repetition Counten: 2

Seated Opening Arms  Category: Strength Reopetition Counter: 2 Seated Opening Arms  Category: Strength Repetition Counter: 2

Secated Opening Arms Category: Strength Repetition Counten 2 Secated Opening Arms Category: Strength Repetition Counter: 3

Figure 5.19: Sequence of Events when performing a Seated Opening Arms Repetition,
where the coach is waiting until the user reaches the critical points of the exercise.
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5.3.3 Application

It is important to mention that one of the main objectives of this work is the development
of a system that not only aims for the evaluation of targeted physical activity but also to
interact in a meaningful form with the user. With this concern and after the testing phase
of the work, an actual demonstration of the overall system allows us to evaluate the system
performance with personnel not involved in the technician part of the application to pro-
vide insight into the system’s acceptability. The implementation of the application relies
heavily on the coding language python and the pygame® library facilitating some aspects
of the overall implementation. Furthermore, the composition of the application depends
on the following phases: acquisition of data from the questionnaires, user’s selection of
the exercise accordingly to the category of the severeness, and monitoring of the user’s

performance.

Demo Application

7
2N

XX X -3 o
— X X X J i —
Questionnaires Exercise Selection Monitoring User's Coach Evaluation
Results

Performance

Figure 5.20: Summary of the application’s pipeline, highlighting the main phases.

With the previous application pipeline in figure 4.1, it is possible to observe that the first
main phase is the search for the results of the questionnaires. Questionnaires are a time-
consuming and, many times, tedious task for people to perform where the main objective,
in this case, is for the system to determine which types of exercises a person can perform
safely. With this concern, the system only needs to perform this step once, saving the rele-
vant data into a file and therefore allowing the person to be more focused on other aspects
of the application that are more relevant to the overall experience of the user. After the
screening test and evaluation of the severity of the condition, the system can supply the
available exercises on the system that the user can select and perform without harming or
aggravating their condition. Using the hand detector, the user can navigate through the ap-
plication using their left index finger and, most importantly, select an existent exercise in
their respective category. After the selection, the system shows the coach’s performance
so the person can perform the calibration procedure and afterwards execute the exercise.

While executing the exercise, the system monitors in real-time the user using an RGB

®Cross-platform library with the primary purpose of game development
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camera, the BlazePose pose estimator, and the evaluation procedure developed in this dis-
sertation. The monitorization allows the system to provide information specifically (e.g.,
identification of the exercise/category and a repetition counter) to the user’s execution.

While monitoring the user, the system provides specific information related to the exer-
cise(e.g., identification of the exercise/category and a repetition counter) and real-time
feedback on the user’s performance. The system’s feedback allows the user to track and
improve their performance, being displayed using three mechanisms. A visual scheme
that shows the user if he/she is performing the exercise correctly (green colour) or incor-
rectly (red colour), an audio queue that identifies the completion of a correct repetition or
multiple ones. Finally and most importantly, on the bottom part of the screen, the user
can see their progress when performing the exercise, presenting the exercise string(grey
region notations) and their exercise buffer(green region notations) to show their progress.
This feature provides cognitive stimuli since the person can see the region where they need
to be based on their current region while displaying the grid regions that do not belong to

the exercise string.

In case of prolonged failure, the personal trainer will adapt the presentation of the coach’s
performance in future executions by slowing down the performance. Furthermore, if the
individual cannot perform the exercise in this manner, the system will present one final
form of adaptation where the coach accompanies the exercise with the person by stopping
the performance at critical points, waiting to continue the performance until the person
reaches the point where the coach is. Once the user finishes the execution of the exercise
in their respective category, the user can select other exercises, allowing the performance
of multiple exercises in one session, working on multiple muscle groups or a specific

muscle if it will not harm the user in any capacity.
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Results and Discussion

Once the system’s development is complete, it is necessary to evaluate the human pose
estimator performance and the exercise evaluation method when the coach performs the
different exercises and the system’s capability to provide an immersive and interactive
experience to the user. For this purpose, this chapter aims to present the performance of

the exercise evaluation and the pilot study results carried out on ISR.

6.1 Exercise Evaluation Performance

When evaluating the exercise evaluation performance, it needs to consider the cases where
it can not accurately monitor or define concrete trajectories of the landmarks of interest in
real-time. This phenomenon can be too numerous reasons(e.g., the exercise performance
at high speeds); however, one of the main reasons mentioned in previous chapters is oc-
clusions. Occlusions in pose estimation algorithms are the main detriment to the joint
estimation accuracy, affecting the exercise evaluation. Another factor that can increase
the cases of failure of the exercise evaluation is too subtle changes when performing the
exercise, not allowing the exercise buffer to be updated since the landmark of interest
never leaves the initial region. For these reasons, the leading causes of failure for this
evaluation procedure are: (i) Unpredictable Trajectories of the Landmarks of Interest, (ii)
Obstacles Occluding Person’s Body Parts and (iii) Subtle Changes When Performing the

Exercise.

From 25 different exercises in the system, the (i) and (ii) causes of failure affect three exer-
cises. Unpredictable trajectories do not allow the evaluation of the Plantar Flexors exercise
from the Strength exercises and the Hip Extension exercise from the Elevated/Moderate
Functionality exercises. While Subtle changes only affect one exercise, Raise Heels And
Toes, from the Low Functionality exercises since the heels or toes never leave their initial
region. On the other hand, occlusions affect the same amount of exercises as the other two
reasons, affecting three exercises due to occlusions of body parts during exercise execu-
tion. Leg Extension from the Strength Exercises, Leg Flexion from the Low Functionality
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Exercises and Dorsiflexor from the Strength Exercises are affected by this phenomenon
as these exercises require a chair in front of the user. From this information, it is possible
to see that the developed comparison criteria evaluate 92% of the exercises when not con-
sidering obstacles occlusion and 76% when including obstacles occlusions. Examples of
the cases of failure are in the appendix of this dissertation.

Not Evaluated: 8 %

Not Evaluated: 24 %

Evaluated: 76 %
Evaluated: 92 %

Figure 6.1: On the left side, a pie chart showing the exercises evaluated percentage with-
out considering obstacle occlusions and on the right, considering this phenomenon.

After evaluating the cases of failure, it is necessary to verify the system’s performance in
real-time using several types of hardware to provide greater insight into how the system
performs. For this purpose, three devices will perform the exercise evaluation task with
the following specifications described in the table below.

ID Processor Processor’s Frequency | Cores | RAM
1 | Intel® Core™ i7-8700 3.2GHz 6 16 GB

Intel® Core™ 19-9900k 3.6GHz 8 64 GB

3 | Intel® Core™ i7-8565U 1.8GHz 4 8 GB

Table 6.1: Hardware Specifications of the devices where the real-time performance of the
exercise evaluation procedure was evaluated.

With these devices and taking into account the main events occurring during the user’s
exercise performance, an evaluation of the system can occur, where the analysis consid-
ers that the camera provides images at approximately 30 FPS(frames per second). This
analysis uses each event to provide insights into the system’s resource usage, displayed in
this case based on the duration of the process.
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D Pygame Events | Images Transformations | Skeleton | Grid Formation | Application’s Widgets FPS
(ms) (ms) (ms) (ms) (ms)
1 0.02 32.00 0.212 5.8 1.55 23
2 0.01 28.96 0.212 0.61 1.44 29
3 0.37 74.08 0.34 3.79 3.29 12

Table 6.2: Table with the main events occurring when the user performed an exercise and
complementary metrics.

6.2 Pilot Study

The pilot study had the primary purpose of assessing the system’s usability, more specif-
ically, the usability of the questionnaires and the application with the virtual personal
trainer and the exercise evaluation procedure. This study has the primary goal of gather-
ing information to improve the system’s efficiency and quality for future more extensive
studies that can occur with the population of interest. As the questionnaires were not the
main focus of the dissertation, this pilot study was divided into two stages: the usabil-
ity questionnaire, which had 6 participants, and the application’s usability, which had 17
participants. The participants in the questionnaire study were 33% female and 67% male,
ranging from 23 to 35 years. The application pilot study had 18% females and 82% males.
Both of these distributions are in the figure below.

Camale

Figure 6.2: Gender Distribution of the Questionnaires(left) and Application(right) usabil-
ity pilot studies.

The procedure used on these pilot studies is described below:

1. Explain to the participant the main purpose of the experience and how they can
interact with the product at hand.

2. Start the questionnaires/application and answer any question the user could have
when necessary.
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3. After the starting menu, the user can perform the tasks at hand while following the
coach’s voice lines.

4. When the participant is satisfied with the result of the questionnaires or the number
of exercises performed, the participant can perform the User Experience Question-
naire(UEQ).

6.3 Analysis of the Results

The analysis of the results employed a standard User Experience Questionnaire (UEQ).
UEQ is a fast and reliable questionnaire to measure the User Experience of interactive
products, is available in more than 30 languages and is easy to use due to rich supplemen-
tary material[52]. The questionnaire scales cover several usability aspects(e.g., efficiency,
perspicuity) and user experience (e.g., originality, stimulation). For a more detailed anal-
ysis of these scales, the following figure explains each of these aspects.

a5 Q o

Attractiveness Perspicuity Efficiency
n of the product. Do Is it easy to get familiar with the Can users solve their tasks without
isers like or dislike it? d and arm nne ary off Doe ) a

Dependability Stimulation Novelty
Does the user feel ir f

nteractio e and product? Is it fun to use? Does it catch the interest of users?

of the Is it exciting and motivating to use the Is the design of the product creative?

Figure 6.3: Explanation of each scale, measured by the User Experience Questionnaire

(UEQ)[52].

Within the population from the pilot study, the participants needed to evaluate two primary
components of the system in terms of usability, the questionnaires to detect and categorize
the user’s sarcopenia and the application which allows the user to select and perform ex-
ercises appropriate to their condition with the procedures developed on this dissertation.
Regarding the questionnaires, the pilot study involved six people, as the questionnaires
were not the main focus of this dissertation. Jakob Nielsen et al. Thomas K. Landauer
describe a mathematical model to find usability problems[35] showing that the identifi-
cation of usability problems in a medium-large software project can occur with five test
users. Where afterwards, the benefit/cost ratio decreases significantly with the increase
of test users. Once the participants finish their experience with the UEQ questionnaire, it
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is possible to obtain figure 7.4, which provides the answer distribution of the accumula-

tive results for each item (Y-axis) with their respective percentages of responses (X-axis).

From the figure, it is possible to observe a positive reception from the participants in the

2 9

most relevant items(e.g., “unfriendly/friendly”, confusing/clear”, ’bad/good”, and dif-

ficult to learn/easy to learn”). From the participant’s answers, it is also possible to extract

the mean/standard deviation of the usability aspects (figure 7.5), providing greater insight

into the overall system’s evaluation.
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Figure 6.4: Answer Distribution for the Questionnaires experience.

Attractiveness  Perspiculty Eficency Dependability  Stimwlation
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Figure 6.5: Mean Values with Standard Deviation of the Questionnaire’s Usability Scales.

With the systems’ user experience, it is possible to compare the performance with ex-

isting values from a reference or benchmark data set that encompasses the evaluation of
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different products. The benchmark data set contains data from 21175 persons from 468
studies concerning different products (e.g., business software, web pages, web shops and
social networks). The result’s comparison of the evaluated product with the data in the
benchmark allows conclusions about the relative quality of the product compared to other
products. From the figure, it is possible to see that the system’s overall performance when
compared to others is good, being a valuable tool for the users.

tilm ]

_

—_—
—
——

Figure 6.6: Benchmark for the Questionnaires experience.

After the usability evaluation of the questionnaires, the application can be assessed us-
ing a subset of the exercises developed in this dissertation. This evaluation provides in-
sights related to the application usability by analyzing with the UEQ the virtual personal
trainer interaction, monitorization of the user’s performance and the adaptation methods
incorporated if the user could not finish the exercise. Similar to the results of the ques-
tionnaires, the following figures show good performance in terms of answer distribution,
mean/standard deviation of the scales and benchmark. This analysis was possible with the
pilot study that had 17 people with a wide range of demographic participating.
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Figure 6.7: Answer Distribution for the Application’s experience.
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Attractiveness  Perspicuity Efficiency Dependabifity  Stimulation Nowvelty

Figure 6.8: Mean Values with Standard Deviation of the Application’s Usability Scales.

Figure 6.9: Benchmark for the Application experience.

UEQ provides several insights related to usability; however, many aspects regarding in-
dividual physical performance need to be assessed to provide a more detailed analysis of
the system. The objective of this analysis is to observe the duration of an exercise session
depending on the participant’s age and the performed exercises. With this objective, there

are four major individual parameters:
+ Age of the Participant
* Amount of Time

* Amount of Exercises Performed

Type of the Exercises Performed

The following table displays the user’s results for the individual parameters during their
exercise sessions while assessing the application’s usability.
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# User | Age | Time | Amount of Exercises | Exercises
Seated Opening Arms,
1 26 12 min | 4 Arms Extension w/ Ball, Lifting From Chair and
Right Leg Flexion
) 3 1 min | 3 Raise He.els And Toes, Seated Opening Arms,
Seated Bicep Curl
) Raise Heels And Toes, Seated Opening Arms,
3 30 11 min | 4 ) o )
Arms Extension w/ Ball and Lifting From Chair
4 31 10 min | 3 Seated Opening Arms, Seated Bicep Curl and
Seated Chest Press
5 28 | 7min |3 Seated Openi.ng Arms, Lifting From Chair and
Arms Extension w/ Ball
6 35 | 8Smin |3 Raise Heels zi&nd Toes, Seated Opening Arms and
Arms Extension w/ Ball
7 24 | 12 min | 3 Sez.lted Opening Arms, Arms Extension w/Ball and
Raise Heels And Toes
g 31 13 min | 3 Seatec.1 Qpenlng Armsj Raise Heels And Toes
and Lifting From Chair
9 7 10 min | 3 Seated Opening Arms, Raise Heels And Toes
and Seated Chest Press
10 o1 1 min | 3 Seated Openi.ng Arms, Lifting From Chair and
Arms Extension w/Ball
i Seated Opening Arms, Arms Extension w/Ball and
11 24 | 9min |3 " .
Lifting From Chair
12 24 10 min | 3 Sf:at'ed Opening Afrms, Raise Heels And Toes and
Lifting From Chair
13 3 7 min |3 Sc.eat.ed Bicep Curl., Seated Chest Press and
Lifting From Chair
14 o1 Smin | 3 Seated Bicep Curl, Seated Opening Arms and
Seated Chest Press
15 a1 1 min | 3 Se.:ated Opening Arms, Arms Extension w/ Ball and
Right Leg Flexion
16 %6 12 min | 3 Lifting From'Chair, Seated Opening Arms and
Arms Extension w/ Ball
17 24 | 9min |3 Ss:at'ed Opening A.rms, Arms Extension and
Lifting From Chair

Table 6.3: Table with individual parameters from their exercise sessions.
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6. Results and Discussion

To conclude the results chapter, it is essential to mention the presence of the coach’s effects
on the users. The coach voice lines facilitated the user to navigate the application, provided
an interactive experience when performing the questionnaires(e.g., using the voice lines to
read the questions) and exemplified how to perform the calibration and the exercise phases.
Mainly in the exercise phase, the coach had an impact on the user’s exercise performance
as the exemplification of the exercise allowed the user to perform a task that they did not
know beforehand, eliminating one of the significant barriers to physical activity, lack of
knowledge on how to perform the exercise.

6.4 Discussion

The results chapter provided insights into the exercise evaluation procedure and the pilot
study. When observing the results of the exercise evaluation, it is possible to observe that
only a small amount of the exercises was not possible to characterize due to anomalies of
the human pose estimator generated by objects occlusions of the user during the exercises.
Exercises such as hip extension had inconsistent trajectories of the landmarks of interest
due to occlusions of significant body parts, such as the fact that the human pose estimator
relies on to provide an accurate estimation. Furthermore, the raise heels and toes exercise
is an example of too subtle changes in the landmarks of interest during the execution,

which could not be detected using the number of regions that the system currently uses.

In terms of real-life performance, the results show that the application slows down mainly
due to image transformations of the webcam’s frames. These transformations were neces-
sary to conform to the main python package for the application’s development, pygame, to
display and manipulate the image for the final product that the user can see. Furthermore,
this package runs on CPU, verified when comparing the performance of the three devices.
The one with the best CPU provided the best performance in terms of time duration per

task and overall FPS when performing the exercise performance task.

The focus of the pilot studies were to evaluate the usability, interaction and immersive of
the system using the User Experience Questionnaire. The first study with 6 participants
revealed a positive response from the participants. For example, the mean/standard devi-
ation values of the usability scales (Figure 7.5) are extremely positive, where the standard
interpretation of the scales means is that values between -0.8 and 0.8 represent a neutral
evaluation, while values above 0.8 represent a positive evaluation and lower then -0.8
represent a negative evaluation[47]. The range of the scales is between -3(bad) and 3(ex-
tremely good). In this case, the questionnaire obtained a good performance in attractive-
ness and efficiency, although it received a lower value in stimulation or novelty, expected
due to the nature of the task. The benchmark for this study(figure 7.6) has similar re-
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sults where the performance is good but there are user experience qualities which can be
improved(e.g., stimulation and novelty).

Regarding the second study, although it had a small sample size of 17 users from a different
target population, the results seem optimistic and provide valuable insights to improve the
current development. Similar to the questionnaire’s analysis, the mean values(figure 7.8)
show good product usability, highlighting usability scales such as attractiveness, stimula-
tion and novelty. The application’s benchmark received a good response from the partici-
pants with attractiveness and stimulation with the highest scores, showing the application’s

potential to promote physical activity and to be tested with the target population.

When performing the study, one constraint that was not measured was the presence of
several people detected by the camera. As mentioned before, the approach taken to detect
the human pose is a single-person usage. This fact is important to recall because, during
the pilot study, only one person was captured by the camera for each experiment. However,
from previous experiments, the pose estimator, when dealing with several people in the
image, usually remains with the person closest to the camera, that in most cases, is the
one performing the exercise. This occurrence can be an issue for other implementations;
however, for this dissertation, since the main goal is for domestic usage, it can be assumed
that a small flow of people will be present in the household. Therefore, these occurrences
of this happening will be rare, benefiting the current implementation.

From the users, this physical activity promotion was evaluated as appropriate for the el-
derly population. However, the sarcopenia evaluation, the prescribed exercises and the
performance of these need to be assessed by medical personnel as it will bring valuable
insights into how the current system can improve when assisting and monitoring the user.
One key aspect that can be discussed with physicians is the assessment of users’ injuries,
which can be helpful for the system so it can provide exercises targeted for the person in

terms of sarcopenia severity and physical injuries.
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7

Conclusion and Future Work

This final chapter of the dissertation presents the conclusions taken from the previous
chapter, results and discussion while also providing suggestions for future work as this
dissertation is a project in ActiVas Framework, which is an ongoing project.

7.1 Conclusion

This work had the objective of implementing a virtual personal trainer for active ageing
using a 2D generalistic descriptor that could translate the execution of several exercises in
an in-house environment using a setup that is affordable to be scalable. The recording of
the exercises uses optical motion capture technology and a certified actor that allows mo-
tion transfer between a real-life person and a virtual entity, providing a realistic outcome.
With these motions, the avatar can display the correct performance of the exercises using
a reliable, low-cost video format that allows adaptation in the way the coach exemplifies
the exercises. The format allows the system to provide the user with the feeling of inter-
action between him and the coach. Furthermore, it allows a customizable experience with
a low cost in terms of real-time performance since the exemplification of the exercises is
stored in the system. The transformation to these comes down to simple frame encoding

modifications.

The setup uses a single fixed camera that allows the user to perform exercises in an exer-
cise zone(visible to the setup) defined by him and be evaluated in real-time while provid-
ing feedback on their performance with voice cues or visual cues using a colour scheme.
For this purpose, the camera needs to be at a height level that resembles the recordings
of the personal trainer when he was performing the exercises. With this setup, the sys-
tem uses pose estimation technology that relies heavily on an ML algorithm to provide
3D normalized coordinates of landmarks that constitute the skeleton of a person using a
single-person approach. However, this dissertation’s purpose was to simplify the exer-
cise analysis process by lowering the dimension of these coordinates from three to two
dimensions. With the conjunction of this simplified coordinate system for the landmarks
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and with a grid method formed using the most static anatomical landmarks along time,
the system can use a low amount of landmarks (landmarks of interest) and the trajectory
of these to characterize a proper execution of the exercise. When the system detects poor
execution, the coach notifies the person using a visual cue on the screen to reinforce the

feeling of supervision when performing the exercise.

However, when implementing this methodology, some difficulties must be accounted for
since they can worsen the overall system’s performance. Highly specialized equipment
and trained personnel must record the coach’s exercise performance when dealing with
Optical Motion Capture. Although this type of motion capture technology is the most
state-of-the-art and robust technology, it still raises concerns regarding cost and time due

to its learning curve.

Another time-consuming task in this work is the motion transfer between the actor and the
virtual coach, which requires multiple software to fully integrate the animation into the
character and the character into the correct environment to provide the user with realism.
When dealing with exercises with objects, occlusion due to objects between the user and
the camera affects the performance of the pose estimator, which is a common issue even for
state-of-the-art technology. Another type of exercise that the system struggles to evaluate
is when the execution of the exercise involves rapid changes over time, which does not
specify a generalistic trajectory due to the random behaviour of the pose estimator, which
has a prediction with a high jitter associated with it. Another concern regarding this system
is the need for human motion analysis by a technician, leading to the need to specify

landmarks of interest and their trajectory to allow the system to evaluate other users.

Regardless of the issues mentioned above, when users remain in the exercise zone and
perform the exercises correctly, the system is effective when evaluating the performance
of 19 exercises.

7.2 Future Work

This dissertation focused on a virtual personal trainer that teaches and guides people’s
performance when executing exercises that address sarcopenia. With the assistance of a
2D grid method based on anatomical points of the user’s skeleton, this algorithm evaluates
the motion by comparing it to the coach using an exercise buffer. The evaluation relies
on a single camera that supplies a frame input to the pose estimator algorithm, which is
the backbone of the exercise analysis procedure. Nevertheless, it also provides adaptation
procedures that provide a customizable experience, transforming an ordinarily tedious and

demanding task into an interactive experience that can boost motivation.

In future works, it is crucial to use this assessment technique as a baseline for other as-
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sessment methods using different hard-coded approaches or approaches that rely on ML
techniques that have revolutionized previous problems in the computer vision field. Fur-
thermore, the interaction between the coach and the person can be improved dramatically
by using human emotion recognition software, allowing the system to interact with the
person based on the emotions that the person is facing. For example, if the person feels
sad or frustrated after failing to perform the exercise, the coach can comfort the user and
select another prescribed exercise. While monitoring the user, the system can observe the
exercise and the person’s emotions, rewarding positive emotions such as happiness. This
mechanism is possible due to the exercises at hand since these are naturally slow-pace tar-
geted to older people, allowing, in theory, stable facial features to be detected and tracked

over time.

One way to improve the current work development is to add other physical activities eval-
uation regarding exercises and gait or posture issues to assess the presence of other med-
ical conditions expected for the elderly such as Parkinson’s disease. With motion capture
technology, it is possible to evaluate the person’s gaze and posture to provide conclusions
regarding the presence of different conditions in real-time using novelistic procedures in-
volving machine learning algorithms with a good percentage of accuracy in the overall
results[14]. Using this premise, one possible direction for this project is the pose estima-
tor to provide the features for machine learning algorithms to evaluate the characteristics
in real time without an expensive system/equipment. This approach would provide an
evaluation method with more freedom regarding the location and the budget necessary for

this work.

Another feature that is added to the system is related to nutrition. Nutrition is a highly
relevant topic when a person is affected by sarcopenia and in the elderly population. Al-
though the information described in this dissertation is insufficient to provide a state-of-
the-art nutritional algorithm, it does provide a general idea of the key concepts that need
to be explored in future development.

As mentioned in the chapter regarding the results, the assistance of medical personnel
would benefit the application as they could provide valuable insights that are only present
when dealing with this type of problem and the target population. This assistance would
be helpful in the development but also during/after the usage of the system where future
development could store user’s information (e.g., amount of exercises performed by the
user, improvement over sessions regarding the development of sarcopenia). After storing
and processing this data, physicians could view the user’s data to prescribe or update the

user’s treatments or regimens.

To conclude, facial rigging can significantly benefit the coach since it allows the personal
trainer to convey emotions. However, this work is highly demanding due to the amount
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of time required to accomplish it and the amount of knowledge that the animator needs
of the human face when performing different types of phonemes to provide a sensation of
realism when the coach is speaking. Regardless, this work would drastically improve the

interaction’s realism and, therefore, the overall system.
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A

Exercises for Prevention and
Rehabilitation of Sarcopenia

Functionality Exercise
BreastPlate
Bicep Curl

Bicep Curl Variation

Shoulders

Tricep Curl

Strength Back Exercise

Lifting From Chair

Plantar Flexor

Dorsiflexor

Leg Extension

Seated Chest Press With Elastic Band
Seated Arms Extension With Ball
Seated Bicep Curl With Elastic Band
Seated Opening Arms With Elastic Band
Low Get Up and Sit Down From The Chair
Hip Abduction With Elastic Band (Sitting)
Raise Heels And Toes (Sitting)
Buttock Bridge With Ball

Leg Flexion With Chair

Chest Press With Elastic Band

Arms Extension With Ball

Rowing With Elastic Band

Squat With Chair Support

Hip Abduction With Elastic Band

Hip Extension

Elevated/Moderate

Table A.1: The table provides the list of exercises for prevention(e.g., strength exercises)
and rehabilitation(Low and Elevated/Moderate Functionality) of sarcopenia.

78



B

Questionnaires

B.1 SARC-F Questionnaire

How difficult is it to lift and carry 4.5kg?

%
? @ @

Figure B.2: First Question from the SARC-F Questionnaire in the available languages.

Qual a sua dificuldade em deslocar-se How difficult is it for you to move
num quarto? around a room?

Nenhuma Jl Alguma J Muita
o i@

Figure B.3: Second Question from the SARC-F Questionnaire in the available languages.
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Qual a sua dificuldade em levantar-se de uma How difficult is it for you to get up from
cadeira ou da cama? a chair or bed?

Nenhuma Jll Alguma J Muita | Some Great

3D

How difficult is it for you to climb a
flight of stairs with 10 steps?

?7 - @

Figure B.5: Fourth Question from the SARC-F Questionnaire in the available languages.

. L How many times have you fallen in the
Quantas vezes caiu no ultimo ano? y y
last year?

Nenhuma Jll Algumas Jll Muitas | None Some M Many |
z
Sl

Figure B.6: Fifth Question from the SARC-F Questionnaire in the available languages.

B.2 Rikli-Jones Questionnaire

’l
».

<o

Figure B.7: Inicial Menu from the Rikli-Jones Questionnaire in the available languages.
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B. Questionnaires

Cuidar de si proprio(ex. vestir-se Taking care of yourself (e.g.,
sozinho) dressing yourself)

e Consegue com . I Can With
31) ? &4 @ 31)

Figure B.8: First Question from the Rikli-Jones Questionnaire in the available languages.

Tomar banho(imersio ou duche) Bathing(immersion or shower)

. Consegue com I Can Wit .
Consegue Nio Consegue I Can Difficulty I Can Net
A ¥
» & @ > lo & @

Figure B.9: Second Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Subir e descer um lance de
escadas(até ao 1°andar)

. Consegue com .

Go up and down a flight of stairs (up
to the 1st floor)

. I Can With
> & @

Figure B.10: Third Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Caminhar(um ou dois quarteiroes,
150m)

Walk(one or 2 blocks, 150m)

) .onsegue com u . I Can Wit

Figure B.11: Fourth Question from the Rikli-Jones Questionnaire in the available lan-
guages.
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Realizar tarefas domésticas Perform light housework(cooking,
leves(cozinhar, limpar o poé) dusting)

= Jo & &

Figure B.12: Fifth Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Fazer compras ou passear num
percurso de cerca de 400 metros
. Consegue comj§ .. .
Qe
X
@ &

Figure B.13: Sixth Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Caminhar cerca de 800 metros(6 a 7
quarteiroes)

Shopping or strolling along a route
of about 400 meters
I Can Wit

5

/alk about 800 meters(6 to 7 blocks
I Can With

31)

Figure B.14: Seventh Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Caminhar cerca de 1600 metros(12 a Walk about 1600 meters(12 to 14
14 quarteiroes) blocks)

.~ Consegue com . . I Can Wit

Figure B.15: Eighth Question from the Rikli-Jones Questionnaire in the available lan-
guages.
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B. Questionnaires

Segurar e transportar cerca de 12 Hold and carry about 12 kg(medium
kg(mala de viagem média a grande) to large suitcase)

Consegue com Jf . I Can With
Consegue Dificuldad Nao Consegue I Can Difficulty I Can Not
, 2
? & @ > o @ @ 2

Figure B.16: Ninth Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Hold and carry about 12 kg(medium
to large suitcase)

I Can With

AR

Segurar e transportar cerca de 12
kg(mala de viagem média a grande)
. Consegue com .
Consegue Yificuldade Nao Consegue

Figure B.17: Tenth Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Realizar tarefas domésticas
pesadas(esfregar o chao, aspirar)

Consegue com - I Can With
? & @ > o & @

Figure B.18: Eleventh Question from the Rikli-Jones Questionnaire in the available lan-
guages.

Doing heavy housework(mopping
the floor, vacuuming)

Realizar atividades fatigantes(fazer
longas caminhadas, ginastica)

Perform strenuous activities (taking
long walks, gymnastics)

Consegue com - 1 Can Wit -

D 4 ‘i @ 31)

2 < O ~

Figure B.19: Twelfth Question from the Rikli-Jones Questionnaire in the available lan-
guages.
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Animation Of Sarcopenia Exercises

C.1 Strength Exercises

Figure C.3: Bicep Curl Variation Animation.

84



C. Animation Of Sarcopenia Exercises

Figure C.6: Right Tricep Arm Exercise Animation.
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Figure C.9: Right Plantar Flexor Animation.
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C. Animation Of Sarcopenia Exercises

Figure C.12: Right Plantar Dorsiflexor Animation.
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Figure C.13: Leg Extension Animation.
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C. Animation Of Sarcopenia Exercises

C.2 Low Functionality Exercises

Figure C.16: Arms Extension with Ball Animation.
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Figure C.19: Hip Abduction Animation.
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C. Animation Of Sarcopenia Exercises

Figure C.21:

Figure C.22: Raise Heels And Toes Animation.
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Figure C.23: Seated Opening Arms Animation.
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C. Animation Of Sarcopenia Exercises

C.3 Elevated/Moderate Functionality Exercises

Figure C.26: Paddling Chest Animation.
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Figure C.28: Hip Extension Left Leg Animation.

Figure C.29: Hip Extension Right Leg Animation.

Figure C.30: Standing Chest Press Animation.

94



C. Animation Of Sarcopenia Exercises

Figure C.31: Raise Heels And Toes Animation.
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SPPB Test

Figure D.1: SPPB Test Animation.
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E

TimeStamps Of Sarcopenia Exercises

E.1 Strength Exercises

L3 | 14 | L4 | s | L4 L4 | L3
TimeStamps(s): 0467 1.034 1.168 3.203 3737
Mean(s): 0.234 0.751 1.101 2.186 3.287 3.554

R3 R4 RI4 | RIS | RI4 R4 R3
TimeStamps(s): 0.5 0.801 1.201 3.27 1804
Mean(s): 0.267 0.667 1.001 2,236 3352 3.587

Figure E.1: Breastplate Transitions and Mean TimeStamps.

| L4 | LI3 L2 | L3 | L4
TimeStamps(s): 1.034 1.502 2.803 3.27
Mean(s): 0.701 1.268 2152 32

. R4 | RI3 | RI2 | RI3 | RI4
TimeStamps(s): 0.968 1.468 2.803 3437
Mean(s): 048 1.218 2.135 312

Figure E.2: Bicep Curl Transitions and Mean TimeStamps.
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[ LIS | L4 L13 | L4 | LIS
TimeStamps(s): 0.701 1.235 3.203 3.904
Mean(s): 0.350 0.968 3203 3,554

| RIS | RI4 RI3 | RI4 | RIS
TimeStamps(s): 0.634 1.201 3136 1871
Mean(s): 0317 0918 2.169 3.504

Figure E.3: Bicep Curl Variation Transitions and Mean TimeStamps.

[ L4 | 124 | L4

TimeStamps(s): 0.801 377
Mean(s): 0.400 2.286

| R4 | R24 | Rl
TimeStamps(s): 0.767 377
Mean(s): 0.384 2.402

Figure E.4: Shoulders Exercise Transitions and Mean TimeStamps.

| 13 | 123 | 133 | 123 | LI13 |

TimeStamps(s): 2.236 2.903 3.67 4.304

Mean(s): 1.535 2.569 3.287 3.987

Figure E.5: Left Tricep Curl Exercise Transitions and Mean TimeStamps.

| RI3 | R23 | R3 | R23 | RI3 |

TimeStamps(s): 0.734 1.235 2.436 3.003
Mean(s): 0.367 0.984 1.835 2.719

Figure E.6: Right Tricep Curl Exercise Transitions and Mean TimeStamps.
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E. TimeStamps Of Sarcopenia Exercises

s | 17 [ Lis |

TimeStamps(s): 1.331 2297

Mean(s): 0.999 1.814

' RIS | RI7 | RIS |
TimeStamps(s): 1.3
Mean(s): 0.849 1.847

Figure E.7: Back Exercise Transitions and Mean TimeStamps.

e | s | L6 |

TimeStamps(s): 2.87 5772
Mean(s): 1.585 4321

T R6 | RS [ R6 |

TimeStamps(s): 2.87 5.806

Mean(s): 1.585 4.338

Figure E.8: Lifting From Chair Transitions and Mean TimeStamps.

' 17 | 16 | L5 | L6 | L7 |

TimeStamps(s): 0.801 2.336 2.402 2.936

Mean(s): 0.400 2.302 1.702 2.669

Figure E.9: Left Plantar Dorsiflexor Transitions and Mean TimeStamps.
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| L7 | 16 | 15 | 16 | L7 |

TimeStamps(s): 0.801 2.336 2.402 2.936

Mean(s): 0.400 2.302 1.702 2.669

Figure E.10: Right Plantar Dorsiflexor Transitions and Mean TimeStamps.

L10 L9 L10

TimeStamps(s): 0.767 4.204
Mean(s): 0.384 2.486

Figure E.11: Left Leg Extension Transitions and Mean TimeStamps.

E.2 Lower Functionality Exercises

TimeStamps(s): 2936 5.672
Mean(s): 1.585 4.304

R6 RS R6
TimeStamps(s): 2.936 5.672
Mean(s): 1.58§ 4.304

Figure E.12: Lifting from Chair Transitions and Mean TimeStamps.
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E. TimeStamps Of Sarcopenia Exercises

| L4 | L4 | 124 | L34 | L24 | L4 | L4 |
TimeStamps(s): 0,968 1.335 1.668 3.537 Jon 4.304
Mean(s): 0.567 1.151 1.502 2.603 3,754 4.137

| R4 | RI4 | R24 | R34 | R4 | RI4 | R4 |
TimeStamps(s): 0.801 1.235 1.568 367 3 4.404
Mean(s): 0.501 1.018 1.401 2.619 182 4.188

Figure E.13: Seated Opening Arms Transitions and Mean TimeStamps.

TimeStamps(s): 2.97 3.237 3.604 5973 634 6.607
Mean(s): 1.782 3103 342 4.788 6.156 6473
| RS | R4 | R¥3 | R | R3 | R4 | RS |
TimeStamps(s): 2936 3237 3.604 5873 6.34 6.64
Mean(s): 1.752 3.086 342 4.738 6.106 6.49

Figure E.14: Seated Arms Extension with Ball Transitions and Mean TimeStamps.

L6 L16 L6
TimeStamps(s): 1.568 4.438
Mean(s): 1.401 3.003

R6 R16 R6
TimeStamps(s): 1.738 4.304
Mean(s): 1.485 3.02

Figure E.15: Hip Abduction Transitions and Mean TimeStamps.
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RS R4 R3S
TimeStamps(s): 1.835 2.936

Mean(s): 1.602 2.386

Figure E.16: Left Leg Flexion Transitions and Mean TimeStamps.

L5 L4 L5

TimeStamps(s): 2.769 4.605
Mean(s): 2.569 3.687

Figure E.17: Right Leg Flexion Transitions and Mean TimeStamps.

L9 L8 L9

TimeStamps(s): 3.871 8.709
Mean(s): 3.253 6.29

Figure E.18: Buttock Bridge Transitions and Mean TimeStamps.

L6 | 115 | L4 [ 14 | L4 | LIS

TimeStamps(s): 1.134 1.435 1.969 2.336 3.103 3.537

Mean(s): 0.734 1.285 1.702 2.182 2.719 332

| RI6 | RIS | R4 | R4 | RI4 | RIS | RI6

TimeStamps(s): 1.034 1.435 1.902 2.469 3.103 3.67

Mean(s): 0.684 1.235 1.668 2.186 2.786 3.387

Figure E.19: Seated Bicep Curl Transitions and Mean TimeStamps.
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E.3 Elevated/Moderate Functionality

| L14

I

L13

L3

| 13 |

TimeStamps(s):
Mean(s):

0.

0.834

417

1.084

1.33

h

llm

2,436
2.636

. RIl4

l

R13

l

R3

| RI13 | RI14 |

TimeStamps(s):
Mean(s):

0.834

0.417

1.084

1335

1.768

2.202 2.769

2.486

Figure E.20: Bicep Curl Transitions and Mean TimeStamps.

| L3 | L13 | L3 |
TimeStamps(s): 1.268 4171
Mean(s): 0.868 2.719
| R3 | RI3 | R3I |
TimeStamps(s): 1.168 4.404
Mean(s): 0.851 2.786
Figure E.21: Paddling Chest Transitions and Mean TimeStamps.
| 120 | 130 | 140 | 130 | 120 |
TimeStamps(s): 7.574 8.342 9.943 10477
Mean(s): 3.787 7.958 9.142 10.21
| R20 | R30 | R40 | R30 | R20 |
TimeStamps(s): 1.768 2302 5.072 5472
Mean(s):  0.884 2.035 3.687 52m

Figure E.22: Hip Abduction Transitions and Mean TimeStamps.
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[

L4

LS L6 LS L4
TimeStamps(s): 0.767 1.938 2.903 43N
Mean(s): 0.384 1.351 2419 3.637

. R4 | RS | R6 | RS | R4 |
TimeStamps(s): 1.034 1.935 2,903 4137
Mean(s): 0.517 1.485 2,419 352

Figure E.23: Squat With Chair Transitions and Mean TimeStamps.

L13 L23 L33 L23 L13
TimeStamps(s):  0.734 0.934 3.704 3.837
Mean(s):  0.584 0.834 2319 37

R13 R23 R33 R23 R13
TimeStamps(s):  0.567 0.834 3.804 3.971
Mean(s):  0.284 0.701 2.319 3.887

Figure E.24: Standing Chest Press Transitions and Mean TimeStamps.
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F

Application Voice Lines

Stage

Voice Line

Inicial Menu

-Hi my name is John and i’m going to be your personal

trainer for today, you can select the start option to begin.

Exercise Selection

-Strength Exercises: I can see that you have performed your tests
and you don’t have presence of sarcopenia, let’s select one of these
exercises and keep it that way.

-Low Functionality: Based on the results, 1 can see that the low
category is the best one for you, pick one of these exercises to
improve your condition.

-Elevated_Moderate Functionality: Based on the results, 1 can see
that you have elevated or moderate functionality, let’s keep it that

way and select one of these exercises.

Calibration Phase

-I can see that you have selected the exercise. Now we need to perform
the system calibration so it can evaluate you. Put your hands and feet

on the red regions and wait 10 seconds.

Show Exercise

-I’m going to show you how you can perform the exercise.
Okay? Here we go.

Perform Exercise

-Your turn. You got this, good luck.
-Good Job
-Keep Going, you are almost there.

Finish Exercise

-You did it, good job!

Didn’t Finish Exercise

-Don’t worry, we are going to start over with lower weigths and perform
the exercise slowly.

After Finishing Exercise

-You can now choose with one hand if you want to perform another

exercise or leave.

Adapt Exercise

-First Time: Don’t worry, this exercise is hard, let’s watch the exercise
again in a slower version.

-Second Time: I can see that you haven’t been able to complete this
exercise. Don’t worry, we are going to try again together.
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G

Exercise Evaluation - Cases of Failure

G.1 Subtle Changes

Figure G.1: Raise Heels and Toes from the Low Functionality Exercises.

G.2 Unpredictable Trajectories

Figure G.2: Correct Right Plantar Flexor repetition from the Strength Exercises.
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G. Exercise Evaluation - Cases of Failure

Figure G.4: Hip Extension repetition from the Elevated/Moderate Functionality Exer-
cises.

Figure G.5: Different Hip Extension repetition from the Elevated/Moderate Functionality
Exercises.

G.3 Obstacles Occlusions

7__%

Figure G.6: Leg Extension repetition from the Strength Exercises without obstacles.
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Figure G.7: Leg Extension repetition from the Strength Exercises with obstacles.

Figure G.8: Leg Flexion repetition from the Low Functionality Exercises without obsta-
cles.

Figure G.9: Leg Flexion repetition from the Low Functionality Exercises with obstacles.
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G. Exercise Evaluation - Cases of Failure

Figure G.10: Right Plantar Flexor repetition from the Strength Exercises without obsta-
cles.

Figure G.11: Right Dorsiflexor repetition from the Strength Exercises with obstacles.
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H. User Experience Questionnaire (UEQ)

User Experience Questionnaire (UEQ)

Please make your evaluation now.

For the assessment of the product, please fill out the following quesSonnaire.
The questicnnaire consists of pairs of contrasting atributes Tat may apply 10
the product. The dircles between the attribules represent gradations between

the cpposiles. You can express your agreement with the atributes by ticking
the circle that most closely reflects your impression.

Example;

attractive O @ O O © © O unattractive

This response would mean thal you rale he application as more aliractive
than unatiractive,

Please decde spontaneously. Don't think too long about your dedsion 10
make sure thal you convey your oniginal impression.

Sometimes you may not be completely sure aboul your agreement with a
particudar attribute or you may find that the attribute does not apply completely
10 the parsiculsr peoduct. Nevertheless, please tick a circle in every line.

wocying O O O O O O O enoyable
notunderstandable © © O O © © O understandable
coatve © O O O O O O o
casyoleam © © O O © © O dfMcultolean
valustle © O O O O O O nferor
baing © © O O © © O exoting
notinterestng © © O O O O O interesting
unpredictatle © O O O © O O predictable
fast O O O O O O O siow
ventive © © O O O O O conventional
obstructive © © O O O O O supportive
good © O 0O O O O O bad
compicated © © O O O O O easy
unikatle © O O O © O O phasing ‘
usial © O O ©O ©O O O leading edge
ugieasant © O O O © O O phasant ‘
secure O O O O O O O notsecure
motvaing © O O O O O O demctivating ¢
mestsexpectations © O O O O O O doesnot meet expectations
nefficant © © O O © O O effcent
dew O O O O O O O confusing
impracscal © © O O © O O practical
oganzed O O O O O O O dutiered
aactive © O O O O O O unaWractive
fendy O O O O ©O O O unfrendly
conservative © O O O © © O mnnovative

111
Figure H.1: English Version of the User Experience Questionnaire (UEQ).



A fim de avaliar 0 produto, por favor preencha O seguinte questiondrio, £ constituido por pares de

opostos relativos s propriedades que O produto possa ter. As graduaides entre oS 0postos sB0
representadas por droulos. Ao marcar um dos dirculos, vocd pode expressar sua opinido sobre um
Por favor, assinale sempre uma resposta, Mesmo Gue NS0 1enha certezas sobee um pir de 1ermos ou

Marque a sua resposta da forma mals espontinea possivel. £ Importante que ndo pense demasiado na
que 03 termos ndo se enquadrem com o produto.

Por favor dé-nos a sua opinido.

Esta resposta significa que avala o produto mals atraente do que felo.
resposta porque 2 sua avaliagdo imediata ¢ que ¢ importante.

Por favor, marque apenas um circdo por linha.

Virtual Personal Trainer For Active Ageing

Desagradével © © © © © © © Agradivel

Incompreensivel

© 0o o o o Compreensivel

o

o

Chativo © © © © © © © Semcriatividade

© De dificil aprendizagem

© © © o
Valiosoe ©¢ © © © © © o© Semvalor

(=]

De Ficil aprendizagem o

©  Excitante

Desinteressante © © © © © © © Interessante

[e]

Previsivel

Ripido ©¢ © © © © ©o o Llnto

© © © © o Convencional
Obstrutive © © © © © © © Condutor

(o]

o

Original

o Mau

[e)

(&)

Bom ©

Complicado ©¢ o © © © o o Fiil

©  Atrativo

Comum © © © © © © O Vanguardista

Incdmodo ©

© © © ©

(o]

Desinteressante ©

© Cémodo

(o)

o}

Seguro © © © © © © O |Inseguro

© Desmotivante
Atendeasexpectativas © © © © © © O Nioatende asexpectativas

o

o

Motivante ©

o Eficiente

o

o

Ineficiente ©

fvidente © © © © © © © Confuso

Impraticivel

[+ o © Pritico

=}

=]

Oganizado © © © © © © © Desorganizado

© Felo

o

o

Atraente ©

Simpidtico © © © © © ©0 © Antipitko

Conservador ©

=}

Portuguese Version of the User Experience Questionnaire (UEQ).

Figure H.2
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H. User Experience Questionnaire (UEQ)

Nr Item 1123|4567 Scale
1 annoying/enjoyable 0[0|0|1[0|3]|1 ] Attractiveness
2 not understandable/understandable 0/0|0|0[0|3]|2] Perspicuity
3 dull/creative 0/{0[{0]|0]|1]4]0 Novelty
4 difficult to learn/easy to learn 1{0[0[0]|1|0]|3| Perspicuity
5 inferior/valuable 110[{0]0|1]3]0]| Stimulation
6 boring/exciting 0/0({0]1]2|1]1] Stimulation
7 not interesting/interesting 0/0[{0]O0|1|3]1]| Stimulation
8 unpredictable/predictable 0[0[1]0]1]2]1]| Dependability
9 slow/fast 00|02 ]1]1]1 Efficiency
10 conventional/inventive 0Oj0j0|1]1|2]1 Novelty
11 obstructive/supportive 0/0|0|0[2|2]|1 | Dependability
12 bad/good 0/0|0|0[0|O0]5 | Attractiveness
13 complicated/easy 0[{0[{0|0|1]|2]2]| Perspicuity
14 unlikable/pleasing 0/0[0]O0]|1]|2]2] Attractiveness
15 usual/leading edge 1{0/0]0|3 /01 Novelty
16 unpleasant/pleasant 0[0[0]0]1]3]|1] Attractiveness
17 not secure/secure 0/0[{0]0]|O0]|1]4]| Dependability
18 demotivating/motivating 0/0({0]O0|1|2]2]| Stimulation
19 | does not meet expectations/meets expectations | 0 | 0 | 0 | 1 | 0| 2 | 2 | Dependability
20 inefficient/efficient 00|00 ]1]2]2 Efficiency
21 confusing/clear 0/0|0|0[0|2]|3]| Perspicuity
22 impractical/practical 0/0(0]0O|1|2]2 Efficiency
23 cluttered/organized 0/0(0]0O]|0O|1|4 Efficiency
24 unattractive/attractive 0[0[0]0]1]3]|1] Attractiveness
25 unfriendly/friendly 0[0[0]0]0]|1]4]| Attractiveness
26 conservative/innovative 0/0(0]0]|2|3]|0 Novelty

Table H.1: Table with the Questionnaire’s Distribution of Answers per item.

UEQ Scales (Mean and Variance)
Attractiveness | 2,300 0,30
Perspicuity | 2,150 0,89
Efficiency 2,100 0,64
Dependability | 2,000 0,72
Stimulation 1,600 0,36
Novelty 1,400 0,71

Table H.2: Questionnaire’s UEQ Scales(Mean and Variance).
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Nr Item 1/2(3(4(5/6|7 Scale
1 annoying/enjoyable 0010|210 4 | Attractiveness
2 not understandable/understandable 0/0|0|0]|3|10] 4 Perspicuity
3 dull/creative ojojrjof|1r| 8|7 Novelty
4 difficult to learn/easy to learn 0/0[{0|0|[0]| 6 |11 | Perspicuity
5 inferior/valuable 0/0[{0|O|1] 8 |8 Stimulation
6 boring/exciting 0/0(0|0]|7| 7|3 Stimulation
7 not interesting/interesting 0/0({0|0|3| 9|5 Stimulation
8 unpredictable/predictable 0/]0[0]|3|6| 5 | 3 | Dependability
9 slow/fast 0/]0[{0|3[4] 5|5 Efficiency
10 conventional/inventive 1{0|1{0]1]10| 4 Novelty
11 obstructive/supportive 0/{0[0|0|2| 8 | 7 | Dependability
12 bad/good 0/{0[0|0]0| 4 |13 | Attractiveness
13 complicated/easy 0/0[0|4]4]| 514 Perspicuity
14 unlikable/pleasing 0/0[{0|0|2]|11 | 4 | Attractiveness
15 usual/leading edge 0/0(1(2(3|7 |4 Novelty
16 unpleasant/pleasant 0]0|0]0| 1| 9 | 7 | Attractiveness
17 not secure/secure 0/0({0]2|2| 2 |11 | Dependability
18 demotivating/motivating 0/0{0[0|0| 6 |11 | Stimulation
19 | does not meet expectations/meets expectations | 1 |0 [ 0 | 0| 1| 8 | 7 | Dependability
20 inefficient/efficient 0jojojOo|1|12] 4 Efficiency
21 confusing/clear 0j0j0|1]4]9 3 Perspicuity
22 impractical/practical 0/0{0]0 2|13 2 Efficiency
23 cluttered/organized 0O(o0(o0| 12717 Efficiency
24 unattractive/attractive 0]0|0|0| 1| 9 | 7 | Attractiveness
25 unfriendly/friendly 0/]0[0]0|0| 9 | 8 | Attractiveness
26 conservative/innovative 0joj1]0]|0|12] 4 Novelty

Table H.3: Table with the Application’s Distribution of Answers per item.

UEQ Scales (Mean and Variance)
Attractiveness | 2,333 0,15
Perspicuity | 2,015 0,23
Efficiency 2,015 0,16
Dependability | 2,029 0,55
Stimulation | 2,235 0,25
Novelty 1,897 0,70

Table H.4: Application’s UEQ Scales(Mean and Variance).
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