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Resumen 

 El uso de técnicas para la monitorización del movimiento humano 
generalmente permite a los investigadores analizar la cinemática y especialmente las 
capacidades motoras en aquellas actividades de la vida cotidiana que persiguen un 
objetivo concreto como pueden ser la preparación de bebidas y comida, e incluso en 
tareas de aseo. Adicionalmente, la evaluación del movimiento y el comportamiento 
humanos en el campo de la rehabilitación cognitiva es esencial para profundizar en 
las dificultades que algunas personas encuentran en la ejecución de actividades diarias 
después de accidentes cerebro-vasculares. Estas dificultades están principalmente 
asociadas a la realización de pasos secuenciales y al reconocimiento del uso de 
herramientas y objetos. 
 
La interpretación de los datos sobre la actitud de este tipo de pacientes para reconocer 
y determinar el nivel de éxito en la ejecución de las acciones, y para ampliar el 
conocimiento en las enfermedades cerebrales, sus consecuencias y severidad, depende 
totalmente de los dispositivos usados para la captura de esos datos y de la calidad de 
los mismos. Más aún, existe una necesidad real de mejorar las técnicas actuales de 
rehabilitación cognitiva contribuyendo al diseño de sistemas automáticos para crear 
una especie de terapeuta virtual que asegure una vida más independiente de estos 
pacientes y reduzca la carga de trabajo de los terapeutas. 
 
Con este objetivo, el uso de sensores y dispositivos para obtener datos en tiempo real de 
la ejecución y estado de la tarea de rehabilitación es esencial para también contribuir 
al diseño y entrenamiento de futuros algoritmos que pudieran reconocer errores 
automáticamente para informar al paciente acerca de ellos mediante distintos tipos de 
pistas como pueden ser imágenes, mensajes auditivos o incluso videos. La tecnología y 
soluciones existentes en este campo no ofrecen una manera totalmente robusta y 
efectiva para obtener datos en tiempo real, por un lado, porque pueden influir en el 
movimiento del propio paciente en caso de las plataformas basadas en el uso de 
marcadores que necesitan sensores pegados en la piel; y por otro lado, debido a la 
complejidad o alto coste de implantación lo que hace difícil pensar en la idea de 
instalar un sistema en el hospital o incluso en la casa del paciente.   
 
Esta tesis presenta la investigación realizada en el campo de la monitorización del 
movimiento de pacientes para proporcionar un paso adelante en términos de 
detección, seguimiento y reconocimiento del comportamiento de manos, gestos y cara 
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mediante una manera no invasiva la cual puede mejorar la técnicas actuales de 
rehabilitación cognitiva para la adquisición en tiempo real de datos sobre el 
comportamiento del paciente y la ejecución de la tarea. 
 
Para entender la importancia del marco de esta tesis, inicialmente se presenta un 
resumen de las principales enfermedades cognitivas y se introducen las consecuencias 
que tienen en la ejecución de tareas de la vida diaria. Más aún, se investiga sobre las 
metodologías actuales de rehabilitación cognitiva. Teniendo en cuenta que las manos 
son la principal parte del cuerpo para la ejecución de tareas manuales de la vida 
cotidiana, también se resumen las tecnologías existentes para la captura de 
movimiento de manos. 
 
Una de las principales contribuciones de esta tesis está relacionada con el diseño y 
evaluación de una solución no invasiva para detectar y seguir las manos durante la 
ejecución de tareas manuales de la vida cotidiana que a su vez involucran la 
manipulación de objetos. Esta solución la cual no necesita marcadores adicionales y 
está basada en una cámara de profundidad de bajo coste, es robusta, precisa y fácil de 
instalar. 
 
Otra contribución presentada se centra en el reconocimiento de gestos para detectar el 
agarre de objetos basado en un sensor infrarrojo de última generación, y también 
complementado con una cámara de profundidad. Esta nueva técnica, y también no 
invasiva, sincroniza ambos sensores para seguir objetos específicos además de 
reconocer eventos concretos relacionados con tareas de aseo. Más aún, se realiza una 
evaluación preliminar del reconocimiento de expresiones faciales para analizar si es 
adecuado para el reconocimiento del estado de ánimo durante la tarea. 
 
Por su parte, todos los componentes y algoritmos desarrollados son integrados en un 
prototipo simple para ser usado como plataforma de monitorización. Se realiza una 
evaluación técnica del funcionamiento de cada dispositivo para analizar si es 
adecuada para adquirir datos en tiempo real durante la ejecución de tareas cotidianas 
reales. 
 
Finalmente, se estudia la interacción con pacientes reales para obtener información del 
nivel de usabilidad del prototipo. Dicha información es esencial y útil para considerar 
una rehabilitación cognitiva basada en la idea de instalación del sistema en la propia 
casa del paciente al igual que en el hospital correspondiente. 
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Abstract 

 The use of human motion monitoring techniques usually let researchers to 
analyse kinematics, especially in motor strategies for goal-oriented activities of daily 
living, such as the preparation of drinks and food, and even grooming tasks. 
 
Additionally, the evaluation of human movements and behaviour in the field of  
cognitive rehabilitation is essential to deep into the difficulties some people find in 
common activities after stroke. This difficulties are mainly associated with sequence 
actions and the recognition of tools usage.   
 
The interpretation of attitude data of this kind of patients in order to recognize and 
determine the level of success of the execution of actions, and to broaden the 
knowledge in brain diseases, consequences and severity, depends totally on the devices 
used for the capture of that data and the quality of it. Moreover, there is a real need of 
improving the current cognitive rehabilitation techniques by contributing to the 
design of automatic systems to create a kind of virtual therapist for the improvement 
of the independent life of these stroke patients and to reduce the workload of the 
occupational therapists currently in charge of them.     
 
For this purpose, the use of sensors and devices to obtain real time data of the 
execution and state of the rehabilitation task is essential to also contribute to the 
design and training of future smart algorithms which may recognise errors to 
automatically provide multimodal feedback through different types of cues such as 
still images, auditory messages or even videos. The technology and solutions currently 
adopted in the field don't offer a totally robust and effective way for obtaining real 
time data, on the one hand, because they may influence the patient's movement in case 
of marker-based platforms which need sensors attached to the skin; and on the other 
hand, because of the complexity or high cost of implementation, which make difficult 
the idea of installing a system at the hospital or even patient's home.  
 
This thesis presents the research done in the field of user monitoring to provide a step 
forward in terms of detection, tracking and recognition of hand movements, gestures 
and face via a non-invasive way which could improve current techniques for 
cognitive rehabilitation for real time data acquisition of patient's behaviour and 
execution of the task.  
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In order to understand the importance of the scope of the thesis, initially, a summary 
of the main cognitive diseases that require for rehabilitation and an introduction of 
the consequences on the execution of daily tasks are presented. Moreover, research is 
done about the actual methodology to provide cognitive rehabilitation. Considering 
that the main body members involved in the completion of a handmade daily task are 
the hands, the current technologies for human hands movements capture are also 
highlighted.  
 
One of the main contributions of this thesis is related to the design and evaluation of a 
non-invasive approach to detect and track user's hands during the execution of 
handmade activities of daily living which involve the manipulation of objects. This 
approach does not need the inclusion of any additional markers. In addition, it is only 
based on a low-cost depth camera, it is robust, accurate and easy to install. 
 
Another contribution presented is focused on the hand gesture recognition for 
detecting object grasping based on a brand new infrared sensor, and also 
complemented with a depth camera. This new, and also non-invasive, solution which 
synchronizes both sensors to track specific tools as well as recognize specific events 
related to grooming is evaluated. Moreover, a preliminary assessment of the 
recognition of facial expressions is carried out to analyse if it is adequate for 
recognizing mood during the execution of task. 
 
Meanwhile, all the corresponding hardware and software developed are integrated in 
a simple prototype with the purpose of being used as a platform for monitoring the 
execution of the rehabilitation task. Technical evaluation of the performance of each 
device is carried out in order to analyze its suitability to acquire real time data during 
the execution of real daily tasks. 
  
Finally, a kind of healthcare evaluation is also presented to obtain feedback about the 
usability of the system proposed paying special attention to the interaction with real 
users and stroke patients. This feedback is quite useful to consider the idea of a home-
based cognitive rehabilitation as well as a possible hospital installation of the 
prototype. 
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 This chapter summarizes the work carried out in the thesis. The 
main field of research is highlighted to implement human motion 
detection. Moreover, the motivation behind the development of a 
novelty solution to obtain information related to the behaviour of 
users during cognitive rehabilitation and the main objectives are 
described. Finally, the outline of this dissertation is also presented. 
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1.1  Overview 

 Human motion capture turns out to be the core of numerous research efforts 
considering its high theoretical and practical interest [1, 2]. Most of the work carried 
out for evaluation of human movement is related to kinematics, representing in time 
and space domains the movements of the body [3]. The evaluation of kinematics makes 
easy deepen into the bases of the development of motor learning [4]. Moreover, it lets 
researchers improve knowledge in: motor strategies for goal-oriented tasks, such as 
preparing a simple drink or food;  motor capabilities of people; and therapies for 
rehabilitation of upper-extremity [5].  
 
The assessment of kinematics in techniques of cognitive rehabilitation is essential since 
some of the difficulties people find in everyday tasks after stroke are related to 
sequence actions and recognise the tools usage. The level of dependence on caregivers 
or healthcare systems is so high they are not able to enjoy independent lives [6].   
 
Interpreting data on a patient’s movement in order to recognize the action and to 
determine if an action is correct, can be critically affected by more elementary deficits 
of the patients in performing goal-directed movements. 
 
The kinematic approach has also turned out to be useful in studies of actual tool use in 
patients. Thus it has to be demonstrated whether a more complete tracking of the body 
segments and objects in manipulation tasks can enable automatic decoding of more 
complex aspects of action. In addition, this approach would enable the investigation of 
the relationship between movement qualities such as smoothness and goal 
achievement. Error detection in a cognitive rehabilitation system depends on 
knowledge about correct execution of action. 
 
The work presented in this thesis has been funded by a 4-year fellowship "Personal 
Investigador en Formación" awarded from Universidad Politécnica de Madrid (UPM) 
and associated with an European Project in line to my research interests called 
COGWATCH (FP7-ICT-2011-288912) [7], which aimed to improve the way of living 
of stroke patients by creating a new personalized, long-term and autonomous way of 
providing cognitive rehabilitation.   
 
Thanks to this project, and in collaboration with the University of Birmingham (UoB) 
and the Technische Universität München (TUM), I had the opportunity of 
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participating in real stroke patients testing to deepen into their behavior, the 
consequences of the diseases after stroke and needs of improving the current cognitive 
rehabilitation techniques which is one of the main objective of this thesis. 
 

1.2  Motivation 

 Following a stroke, up to two-thirds of patients may suffer from Apraxia and 
Action Disorganisation Syndrome (AADS) [8]. The problem of living with AADS is that 
individuals are often unable to remember partial or full activities of their daily living, 
or execute sequential actions.  
 
Many projects have been developed in order to assist the rehabilitation for this kind of 
patients and also study the execution of manual Activities of Daily Living (ADL) by 
analyzing body movements [9–16]. However, a limitation of these kind of projects is 
that they do not support cognitive rehabilitation. Furthermore, they typically only 
assist the movements or serve as a guide for the patient, teaching by repetition. 
Moreover, these projects do not lead to benefits in the psychological status of the 
patient, which is a critical factor in the rehabilitation process.  
 
Additionally, the technologies developed in order to record body kinematics include: 
cinematographic, electromagnetic (Liberty Polhemus, Flock of Birds), optoelectronic 
(OptoTrak, CODA, Selspot), infrared marker systems (Peak Motus, Vicon), and 
ultrasonic systems (Zebris). In general, the choice of each system depends on the user 
requirements but, although markers usually offer precision, popularity and the 
advantage of automatic tracking, marker based methods have the following 
limitations: i) markers attached to the subject can influence the subject’s movement; ii) 
a controlled environment is required to acquire high–quality data; iii) the time 
required for marker placement can be excessive; and iv) the markers on the skin can 
move relatively to the underlying bone, leading to what is commonly called skin 
artefacts [17–19]. 
 
So, the need of designing a new non-invasive and robust way of acquiring accurate 
data of movement and attitude of this kind of patients during cognitive rehabilitation 
techniques is clearly justified. Fortunately, emerging technologies have led to the rapid 
development of low-cost and easy-to-use markerless motion capture systems, which 
offer an attractive solution to the problems associated with marker based methods.  
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1.3  Objectives 

 The main goal of this thesis is related to make a step forward in the way of 
monitoring patients after stroke during the rehabilitation stage, especially those who 
suffer from AADS, in terms of movements, attitude and behavior, by providing a non-
invasive solution to record robust data of hands movements and gestures or even face 
gestures that could be useful to assess kinematics and behavior of these kind of 
patients.  
 
There are three main hypothesis considered in this thesis which will be validated as 
much as possible by the different experiments presented along the document. 
 
First of all, if the monitoring software did not depend on color, shape either size of the 
body segments to be detected and tracked, thus there would not be limitation in the 
type and number of patients to interact with. In addition, an adequate combination of 
vision-based sensors should be able to recognize simple and representative actions 
without the help of additional markers. The correct selection of simple and low-cost 
devices should make easier the integration on a platform that would ensure the 
possibility of installation at hospitals and even patient's home. 
 
Secondly, the data obtained from mainly hands movement, but also gestures and face, 
should be representative to model and characterize the behavior of the patient during 
the execution of daily tasks. Additionally, this data should be useful to develop and 
train smart algorithms to automatic recognize errors. 
 
Thirdly and finally, considering the behavior of AADS patients, if the platform used for 
monitoring of movements were familiar and reminded patients their daily living 
instead of becoming something strange and unknown, the success in the execution of 
the rehabilitation tasks would be higher comparing with the traditional techniques 
which cause higher stress. A possible use of the platform at patient's home would 
improve his/her independence in the daily living and would discharge of workload to 
the Occupational Therapists (OT), who might supervise the rehabilitation process 
remotely. 
 
More specifically, the different objectives of this thesis try to complete a knowledge 
triangle related to the field of user monitoring in cognitive rehabilitation. The main 
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components of a knowledge triangle are: education, research and innovation, as Figure 
1 indicates: 
 

 

Figure 1. Main components of a Knowledge Triangle. 

 
First of all, the scientific and educational goals of this work are: 

 Study and evaluation of the behavior and common errors committed by this 
kind of AADS patients after stroke. 

 Assessment of the current techniques for providing cognitive rehabilitation. 

 
Secondly, considering the research component, the objectives of the thesis are: 

 Search for the current technologies on market focused on human motion 
detection, especially, hands attitude in handmade activities. 

 Evaluation of the suitability of a simple approach to additionally recognize 
facial expressions which gives redundant information about the mood and 
level of intentionality and stress of the patient during the execution of tasks. 

 
Finally, in terms of innovation, the main scope is focused on the following tasks: 

 Selection of specific hardware and development of the software needed to 
monitor and supervise the behavior of patients during the execution of the 
corresponding activity in the cognitive rehabilitation stage. This behavior is 
mainly related to the movements of hands and grasp gestures while executing 
activities of daily living and manipulating objects.  
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 Design of an experimental prototype for the integration of that hardware and 
software mentioned above. 

 

Meanwhile, the prototype and approaches proposed in the thesis must also be 
technically evaluated, as well as from a point of view of healthcare, by applying to a 
real handmade tasks focused on the preparation of a hot drink and grooming. Special 
attention is paid to the interaction with real stroke patients at hospitals and in a more 
familiar environment.   
 

1.4   Outline 
  
 The outline of this thesis is as follows: 

 Chapter 2 presents a state of the art in the field of the cognitive diseases that 
require implementation of rehabilitation techniques in the scope of this thesis. 
Moreover, an introduction to the effects on the execution of daily tasks and the 
current ways of providing cognitive rehabilitation is considered. Finally, 
different technologies for the capture of human hand motion are described. 

 Chapter 3  describes the solution adopted for the non-invasive monitoring of 
the user behaviour in terms of hand tracking during the execution of activities 
of daily living and manipulation of objects. An initial assessment of the 
difficulties found when dealing with hand tracking is also presented besides a 
justification of choosing a depth camera. Finally, a performance evaluation of 
the approach is done. 

 Chapter 4 introduces and evaluates the approach proposed to additionally 
recognize gestures for tool grasp and face detection when manipulating objects 
while tracking as well as a classification of the taxonomy to be considered is 
presented. Moreover, a short introduction to a brand new IR sensor selected for 
the purpose is done. Finally, a preliminary evaluation of the recognition of 
facial expressions using a low-cost depth camera is carried out to analyse if it 
is adequate for implementation.  

 Chapter 5 presents the simple prototype considered to integrate the hardware 
and software solutions designed and described in the previous chapters, which 
can be used by real users during a rehabilitation process. System requirements 
and the architecture of the whole components are described as well as their 
interconnectivity is evaluated.  
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 Chapter 6 shows a final healthcare and usability evaluation of the components 
developed and integrated in a more complete and extended platform. This 
evaluation is mainly focused on assessing the interaction with real stroke 
patients during the execution of real daily activities in different environments. 
Moreover, a first attempt for a home-based and hospital installation of the 
prototype is considered. 

 Chapter 7 summarizes the conclusions and the main contributions of the 
thesis. A discussion on future research to extend the techniques described is 
also included. 
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 The main cognitive disorders treated in the scope of this thesis, 
Apraxia and Action Disorganisation Syndrome (AADS), are 
described. Additionally, the concept of Activities of Daily Living 
(ADL) and the consequences of AADS in their execution are 
presented. Also, the different current methodologies implemented 
to face the cognitive rehabilitation process are considered to 
finally, explore the technologies for human hand motion detection. 
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2.1  Cognitive Disorders After Stroke: Introduction to AADS 

2.1.1 Apraxia 

 

Historically the first elaborate description of apraxia as a distinct neuropsychological 
syndrome was provided by Hugo Liepmann in the beginning of the nineteenth century 
[20]. Liepmann's seminal writings have retained direct influence on research and 
theorizing on apraxia until today [21]. He corroborated early anecdotal descriptions of 
defective use of communicative gestures and tools in aphasia through systematic 
exploration of both single cases and groups of brain damaged patients. The new 
clinical observation was that many patients also present with difficulties in the 
imitation of demonstrated gestures. His concept identified deficient motor control at 
the heart of an apraxic impairment. Liepmann proposed that there are apraxic 
patients who have a correct concept of what they ought to do but cannot transform 
the image of the intended action into appropriate motor commands. He noted in a 
group study comparing patients with right and left hemisphere damage that apraxia is 
associated with left brain damage (LBD) [20]. This notion led him to postulate a 
dominance of the left hemisphere for deliberate motor control above and beyond its 
dominance for language and speech.  
 
A widely accepted definition of apraxia describes it as a "disorder of skilled movement 
not caused by weakness, akinesia, deafferentiation, abnormal tone or posture, 
movement disorders (such as tremors or chorea), intellectual deterioration, poor 
comprehension, or uncooperativeness" [22]. This definition reiterates Liepmann's 
postulate of a disturbance at the interface between cognition and motor control. As 
can be inferred from this definition by exclusion, the term apraxia has been used for 
disturbances of widely different actions ranging from lid closure and gait to dressing 
and spatial constructions.  
 
There is, however, a core of clinical manifestations which are generally accepted as 
supporting a diagnosis of apraxia. They concern three domains of human actions: i) 
the imitation of gestures, ii) the performance of communicative gestures, and iii) the 
use of tools and objects. All of them occur predominantly after left brain lesions and 
are frequently, though not invariably, associated with aphasia. Another common point 
is that in contrast to genuine "motor" disturbances they affect not only the side of the 
body opposite to the cerebral lesion but also the ipsilateral side. Most of the actions 
considered in research on apraxia are manual, but some actions in each of the 
domains can also be observed at the legs, face or trunk. 
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Use of Single Conventional Tools and Objects 
Misuse of everyday tools and objects is an impressive manifestation of apraxia: 
patients try to cut paper with closed scissors, to eat soup with a fork, or to write with 
the wrong end of the pencil. They bite on the toothbrush instead of brushing, press the 
knife into the loaf without moving it to and fro, press the hammer upon the nail 
without hitting, and close the paper punch on top of the sheet without inserting the 
sheet. As many of these patients have right sided hemiplegia one may be inclined to 
ascribe their errors to the ineptness of the non-dominant left hand, but it is easy to 
convince oneself of their pathological nature by observing healthy people using the 
tools with the non-dominant hand or doing so oneself. The patients' difficulties are not 
confined to the testing situation but are observed in their activities of daily living as 
well [23, 24]. 
 
Multi-step Actions 
In daily life one rarely encounters a situation, as in standardized testing for use of 
single tools and objects, where one is handed a tool and asked to perform its 
prototypical action on an adequately prepared recipient. Usually, the use of the single 
tool is embedded in a chain of actions involving several tools and objects.  
 
Although failure at tests of single tool use predicts difficulties with such naturalistic 
actions, the reverse is not necessarily the case; more patients fail at naturalistic action 
than at use of single conventional tools and objects.  
 
Errors in application of single tools and objects which are detectable in explicit testing 
are likely to show up also in the course of multi-step actions, and the distraction by 
the additional demands of multi-step actions may bring forward insecurity and failure 
in use of single tools which have not surfaced in their isolated testing. In addition to 
these "misuse" errors there are other types of errors specific to multi-step actions. The 
most important of them are (for more extensive error classifications see e.g. [24 - 27]):  
 Mislocation refers to a correct action performed with the wrong recipient like 

pouring water into the cup rather than the reservoir of the coffee maker for 
preparing coffee with a drip coffee maker.  

 Omission of a step is equivalent to the premature performance of another 
action step which should be initiated only after completion of the omitted one, 
as for example when turning on the heating of the coffee maker without 
having inserted water.  



Chapter 2. State of the Art 

- 12 - 

 

 Toying describes the act of touching or briefly lifting objects not followed by 
goal-oriented manipulations.  

 Perplexity is diagnosed when patients hesitate unduly before commencing an 
action or fail to proceed with actions at all. 
 

2.1.2 Action Disorganization Syndrome 

 
Action disorganization syndrome (ADS) is a neuropsychological disorder following 
brain injury. It was first described by Schwartz and colleagues [28]. ADS is 
characterized by a high proportion of cognitive errors when performing everyday 
tasks, such as making a cup of coffee or dressing, but it is not caused by a motor deficit 
[29].  
 
Patients might perform the action in a wrong sequence (pouring water into the cup 
without inserting a tea bag) or using inappropriate objects (using a fork for stirring). 
For example, Schwarz et al. [28] described a patient (P1) with ADS after bilateral 
frontal brain injury. P1 made several errors when making a cup of instant coffee such 
as putting butter into the coffee or adding coffee grinds into a bowl of oatmeal. In the 
tooth brushing task, in contrast, P1 repeatedly turned the tap on and off, or wet the 
toothbrush several times.  
 
However, the exact pattern of errors varies from one patient to another, depending on 
lesion localization and size. Although ADS is often associated with frontal lesions, it 
can also ensue after a variety of lesions [28, 30]. Taken together, patients with ADS are 
impaired in their cognitive ability to carry out Activities of Daily Living (ADL), 
diminishing their independence and making them more dependent on caregivers and 
healthcare systems. 
 

Error Types and Frequencies 

In [28], it is distinguished between the six error types (Table 1): i) place substitutions 
(moving the object to the wrong destination, e.g. putting coffee into oatmeal); ii) object 
substitution (misuse of objects, e.g. adding orange juice to the coffee); iii) anticipation 
(performing an action in the wrong sequence, e.g., drinking tea without adding a tea 
bag); iv) omissions (missing one step before carrying out another step, e.g., putting 
spread onto the toast without toasting it); v) tool substitutions (using the wrong tool, 
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e.g., stirring tea with a fork); and vi) quality errors (the action was carried out but not 
in the appropriate way, e.g., the packet of sugar was not completely opened).  

Table 1. Summary of error types based on studies by Buxbaum et al. [31]; Schwartz and 
colleagues [32, 33]; and Cooper & Shallice [34]. 

Error Explanation 

Step omission Failure to pack cookies, sandwich or drink into the lunch 
box. 

Sequence: 
anticipation/omission 

Packing the sandwich without first wrapping it in foil. 

Sequence: reversal Packing the cookies or sandwich and then wrapping them. 

Sequence: perseveration Wrapping the cookies or sandwich more than once. 

Object substitution Using apple sauce instead of mustard on the sandwich. 

Action addition Packing inappropriate items into the lunch box. 

 

According to [33], these error types can be broadly divided into two categories: errors 
of omission (the failure to execute critical actions or sequence of actions) and errors of 
commission (performing an action in an incorrect or inappropriate way). The later 
one includes:  
 Sequence errors (performing an action in the wrong order).  
 Additions (adding an extra component action). 
 Semantic errors (using a semantically related object instead of the correct one).  
 Perseverations (repeating an action or action sequence).  
 Quality or spatial errors (using an inappropriate amount of ingredients or 

failing to use tools). 
 

Several case studies with ADS patients have shown that some error types are more 
frequent than others. Additionally, these studies have revealed that clinical severity 
highly correlates with omission errors, indicating that patients with high error rates 
made more omission errors while commission errors are more frequent in patients 
with low error rates [32, 33]. Based on these results, it seems that omission errors are a 
good indicator for disorganized actions. 
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2.2  Consequences of AADS in Activities of Daily Living  

 Activity of daily living (ADL) tasks comprise tasks of basic self care such as 
preparing food and drink in the kitchen, or toileting, washing, grooming in the 
bathroom. Their performance involves a sequence of component actions on 
environmental objects directed at some desired end goal. It is thought that successful 
performance depends on specifying object actions in spatiotemporal terms at a higher 
cognitive level and then elaborating these into specific movements of limbs which are 
monitored as they progress against expected sensory consequences [35]. 
 
There have been a number of psychological studies of sequential action production 
using ADL tasks (see Table 2). These studies have generally sought to determine the 
nature of errors made in the execution of the tasks in patients as a function of brain 
damage [28, 30, 33] or, in healthy normals, as a function of factors, designed to 
interfere with the sequential action, such as performance of a simultaneous secondary 
task [36].  

Table 2. Summary of previous ADL tasks studies. 

Institution 
Reference 

ADL tasks Users 

Philadelphia, USA 

[36] 

Coffee making task (interleaving two coffee 
making tasks). 

Neurologically healthy 
adults. 

University of 
Birmingham 

[29, 37] 

Making tea, cheese sandwich, gift wrapping, 
painting, preparing a card for post, lighting a 

cigarette, cleaning teeth, preparing cereal. 

ADS patients and 
controls. 

[38] Making tea. Semantic dementia 
patient; ADS patient. 
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University of 
Toronto, Canada 

[39] 

Washing hands (patients guided through task 
using computerised assisted technologies). 

Older adults with 
dementia. 

University of 
Nottingham 

[40] 

Making a hot drink using a virtual environment. Stroke patients. 

University of 
London 

[41] 

Making coffee and tea. Neurologically healthy 
adults. 

 

The main conclusion after these studies is that there is a high correlation between ADL 
impairments and apraxia scores.  
 
Additionally, a coarse assessment of ADL performance at home or at the clinical ward 
is provided by the Functional Independence Measure (FIM). Using the FIM score as an 
outcome variable, a correlation between outcome and apraxia was established [42]. A 
comparable approach measured the amount of caregiver assistance on the Physical 
Self-Maintenance Scale (PSMS) and again found correlation with formal tests of 
apraxia [43]. Finally, a recent study in a large group of stroke patients (N=635) noted a 
relatively low but consistent correlation between a multi-step action and functional 
independence measures such as the Barthel index or the Nottingham Extended ADL 
Scale [44]. 
 

2.3  Methodologies to Support Cognitive Rehabilitation 

 The table below provides a summary of cognitive approaches towards the 
rehabilitation of AADS. Many of these rehabilitation methods have been shown to 
improve ADL functioning and can facilitate independence from caregivers. For 
example, task performance can be improved by providing appropriate and 
personalized feedback to patients [38, 45] and by breaking tasks down into small steps 
[45]. The effects of training have also been shown to transfer from trained to 
untrained tasks [46, 47] – although some work has found no transfer of effects [46, 
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48]. Additionally, maintenance of the positive effects of treatment has been shown to 
depend on continuous task practice [24].  
The use of smart environments as a rehabilitation tool has not been explored deeply 
with AADS patients.  
 

Table 3. Summary of approaches for the cognitive rehabilitation of AADS.  

Methodology Explanation Results 

Strategy training 
approach 

[48] 

As above: internal and external 
compensatory strategies. 

Patients in strategy training 
group improved 

significantly more on 
trained ADL tasks than 

patients in usual treatment 
group. No effect 5 months 

post-test. 

Errorless learning 
[24] 

Manipulation of limbs during ADL 
performance. 

 Simultaneous performance of ADL 
with therapist/examiner.  
Patient copies therapist.  

Significant improvement on 
trained activities. 

Variety of approaches 
[49] 

Pictorial representation of the goal, 
written commands, one goal at a 

time, demonstrating task, dividing 
task demonstration into small 

subgoals. 

No significant effects on 
trained tasks. 

Verbalisation strategy 
[38] 

Patient taught a poem based on the 
steps of making a cup of tea. 

Significant improvement on 
order of actions in tea 

making task. Weak training 
effects across sessions and 
no transfer to untrained 

tasks/objects. 

Error 
monitoring/detection. 
Task Training Action 

Intervention: TT - 
NAT 
[50] 

Pictorial descriptions of objects – 
with a script of the role of the object 

in the task. 
 Video presentation of task, from a 

patient’s perspective. 

Patients made significantly 
fewer errors and detected 

significantly more errors on 
the Naturalistic Action Test 

(NAT) than those in the 
control group. 
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2.4  Technologies for Human Hand Motion Capture 

 As derived from the studies presented before and considering that ADL are 
usually handmade tasks, the main parts of the body to be monitored for further 
analysis are the users' hands, although an important contribution in facial gesture 
recognition for mood analysis is also presented in next chapters. 
 
There are different types of technology for human motion capture capable of tracking 
the movements of the hands. One of the main technical difference between the 
solution adopted in this thesis and other optical and non optical approaches lies in the 
way the hands are initially recognized without the help of any marker and without 
dependence on shapes, color either size. 
 

2.4.1 Marker-based Systems 

 

A traditional marker-based solution makes an identification of retro-reflective 
markers attached to the hand by using an architecture of overlapping cameras (Figure 
2). 

 

Figure 2. Marker placement for hand movements capture. [51] 

 
Marker-based platforms have been already implemented in some interactive systems. 
However, these prototypes use obtrusive retro-reflective markers or LED's [52] besides 
very dear architecture of  many cameras.  
 
Recent researches in the necessary components to obtain a motion capture system 
have made possible the acquisition of 3D motion data with stunningly high temporal 
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resolution (up to 2000 Hz), however, due to significant self-occlusion the acquisition 
of consistent high-fidelity hand motion data is very complicated. 
  
Another challenge for marker-based solutions is how to build temporal 
correspondences for all visible markers over time. Automatic marker labeling, 
particularly for hand capture, remains challenging while manually annotating 
markers over time is not only time consuming but also error pone [51].  
 
They also give more importance to the accuracy obtained without considering the ease 
of construction and deployment. While the approach proposed in this thesis may not 
provide the same accuracy as high-end optical setups, but it is simpler, less expensive, 
and requires only one camera. 
 

2.4.2 Glove-based Hand Tracking 

 

While markerless tracking of bare hands is the more general formulation of the 
problem and, as such, the most interesting one, several works have dealt with the 
problem of marker-based tracking. In the case of some commercial systems tracking 
relies on gloves augmented with sensors [53] or reflectors of infrared light [54]. Such 
systems provide accurate hand motion capture results in real time, at the cost of 
expensive hardware that may obstruct the action of the hand (Figure 3). 

 

 

Figure 3. Use of gloves for hand tracking. [55] 
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2.4.3 Color-based Recognition 

 
In order to alleviate the problems mentioned above, researchers have tried to simplify 
the required hardware setup (both the glove design and the employed camera setup) 
by using color information. With the exception of the achievements in [56], previous 
works in color-based hand tracking dealt with limited application domains or short 
sequences. Theobalt and colleagues [57] implemented a solution for the tracking of a 
baseball pitcher’s hand with color markers placed on the back of a glove by using four 
cameras and a stroboscope. Meanwhile, Dorner [58] used a glove with colored rings to 
recognize (6 to 10 frame) sequences of the sign language alphabet. The rings 
corresponded to the joints of each finger. Once the joint positions were identified, the 
hand poses were obtained with inverse kinematics. 
 
Wang and Popovic [56], proposed an appearance-based/data-driven 3D hand pose 
estimation method. Their approach relies on a distinctive color pattern appearing on 
the glove that provides unambiguous information on the pose of the hand and, thus, 
turns the hand pose estimation problem into a database lookup problem (Figure 4).  
A similar approach has been proposed in [59] to track humanoid robotic hands. 
 

 

Figure 4. Inclusion of coloured areas in gloves for improving hand tracking. [56] 

 
While these methods are not as accurate as traditional optical motion capture 
methods, they only require a single camera and an inexpensive cloth glove.  
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2.4.4 Bare-hand Tracking 

 
The work presented in this thesis follows the concept of this technique. Bare-hand 
tracking approaches consider multiple-hypothesis inference in order to face the lack 
of strong correspondences.  
 
Bare-hand tracking turns out to be a continuous and active field of research. The 
detection of edges and silhouettes are the most common features used for the 
identification of poses. While these cues are general and robust to different lighting 
conditions, reasoning from them requires computationally expensive inference 
algorithms that search the high-dimensional pose space of the hand [60 - 62].  
 
Several bare-hand tracking systems achieve interactive speeds at the cost of resolution 
and scope. They usually track positions and orientations of hands and two or three 
additional degrees of freedom for poses. Successful gesture recognition applications 
[62, 63] have been also demonstrated on these systems.  
 
WEARHAP project [64] also focuses its research activity on the integration of non-
wearable cameras in order to explore visual features. They propose a novel sampling 
technique to select candidate hand poses in an image sequence. 
 
The use of this technique doesn't need the implementation of gloves either color 
markers. 
 

2.4.5 Data-driven Pose Estimation 

 
Shakhnarovich and colleagues [65] introduced a system for pose estimation of the 
upper body with the help of a database of synthetic and computer-generated poses. 
Athitsos and colleagues [66, 67] developed fast, approximate nearest-neighbor 
techniques in the context of hand pose estimation. Ren and colleagues [68] designed a 
database of silhouette features for controlling swing dancing. 
  
The solution proposed in this work doesn't impose any patterns to look for.  
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Chapter 3 

 

Non-invasive Hand Motion Detection in 
Handmade Activities 

 

 

 

 
 An initial evaluation of the main difficulties faced when 
implementing hand tracking is presented. The solution proposed 
for monitoring the hands movements while tasks execution is 
described in detail in terms of sensors used and algorithms as well 
as a justification of using a depth sensor is described. The motion 
detection approach is mainly focused on the capture of motion 
over a table surface where the handmade tasks are completed. 
Additionally, an introduction to the problematic when grasping 
objects is also considered. Finally, a deep evaluation of the 
functioning of the solution proposed is carried out. 
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3.1. Challenges in Hand Tracking 

 As indicated in previous sections and chapters, the attitude of hands is essential 
to better know about the way a person executes handmade tasks. Moreover, in AADS 
patients is mandatory to have continuous and robust data of their hands to deeply 
analyze the correct execution of the activities and in order to monitor the  level of 
severity during the rehabilitation process.  

 

However, the task of hand tracking turns out to be a challenging field of interest since 
several constraints and "boundary conditions" must be taking into account when 
trying to implement a robust and real-time solution.   

 
3.1.1. High-dimensional Workspace 

 
Considering that one of the objectives of this thesis is the capture of the hand 
movements and poses, the dimension of the configuration space is very high. Figure 5 
shows the articulations of the hand. The hand contains overall 20 Degrees of Freedom 
(DOF), being each finger generally composed by 4 DOFs: 1 flexing DOF each for the 
Distal phalanges (DP) and the Proximal phalanges (PP) joint and 2 DOFs (flexion and 
abduction) for the metacarpals (MC) joint.  
 

 

Figure 5. Representation of the articulations of the hand. [69] 
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Sometimes, one DOF more is added to the thumb considering the metacarpal bone as 
axis. This is due to the thumb movement when, for example, grasping objects, which is 
hard to be modeled only using flexion and abduction motions.  
 
Finally, by adding 6 DOFs for position and orientation, the detection and tracking of 
the hand attitude correspond to a function optimization in a 27-dimensional 
workspace. This turns out to be challenging and becomes even more difficult in real-
time applications. Authors in [70] explore deeply this area and demonstrate the 
presence of some restrictions in those 27 DOFs.   
 

3.1.2. Variability in Hand Morphology 
 

It is obvious that the shape, size and color of the human hand vary strongly from 
person to person. For example, the color is mainly related to ethnic origins. Even 
though,  the kinematic also varies between human beings. 
 
Moreover, the appearance variability hands is very high, and, it is very challenging to 
detect a hand as an input image considering that neither its appearance nor its 
position are known. 
 
Regarding the 27-dimensional workspace, an exhaustive search turns out to be almost 
prohibitive. So the different existing techniques for hand tracking usually either 
reduce the search are by restricting the hand movement or initialize the tracker 
manually. Recently, some researchers do not use any restrictions and try to fully 
estimate the hand pose and position. This thesis makes contributions to this 
challenging scope. 
 

3.1.3. Background Substraction 
 

In order to detect initially a hand in a given image, the first step must be to identify the 
region corresponding to the hand by applying a kind of segmentation stage (e.g. skin 
color segmentation or background subtraction) or to obtain certain features which are 
sufficiently different between the hand and background. The more complex the 
background the less likely those features can be used to make discrimination. 



Chapter 3. Non-invasive Hand Motion Detection in Handmade Activities 

- 24 - 

 

 

Figure 6. Example of case use where skin colour segmentation would recognise correctly the 
hands. 

For example, skin colored backgrounds will make very difficult a skin color 
segmentation. As shown in Figure 6, hands are more easily detected as we find 
differences between its color and the table or even the floor.  

 
3.1.4. Cameras Constraints 

 

Some of the technologies used in vision sensors are a bit limited considering the 
capturing capability. In the majority of the real platforms, there are over-and/or 
under-exposured regions. This is caused by the low dynamic range of the camera 
sensors. Currently, high dynamic range (HDR) cameras turns out to be affordable, but 
with a resolution and frame rate very limited, and the human eye has still a higher 
dynamic range than the order of magnitude of the cameras. Additionally, the depth of 
field of the camera is usually restricted by physics and current lens systems, so the 
hand motion volume is limited.  
 
Moreover, usual vision systems acquire only the RGB channels instead of the whole 
spectrum. There are cameras that are able to capture more than three colors but at 
cost of simplifying the detection and tracking of the hand.  

 
3.1.5. Real-time Performance 

 

As mentioned in the previous chapter, one of the main objectives of this thesis and in 
general of user monitoring in cognitive rehabilitation applications is to be able to 
acquire data related to the hand attitude in real-time, i.e. at least 30 full pose 
estimations per second. This turns out to be a strong condition in particular taking into 
account the workspace. For example, implementing a solution to recognize and track 
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hand movements with very high accuracy doesn't make sense in real applications if a 
second or even more is needed for the estimation of the hand poses in each frame. 
 

3.2. Justification of Usage of a Depth Sensor 

 As already mentioned in the motivation of this thesis, emerging technologies 
have given us the opportunity of using low-cost and easy-to-use non-invasive motion 
capture systems, which offer an attractive solution to the problems associated with 
marker based methods. The most popular of these is KinectTM, system developed by 
Microsoft.  
 

In 2011, Microsoft released the Software Development Kit (SDK) focused on KinectTM, 
which has allowed developers to create different applications depending on the 
objective pursued with KinectTM. Developers have designed non-gaming applications 
for areas such as interior design (NConnex), tracking consumer behaviour (Kimetric), 
and for educational purposes (KinectTM Math UWB B).  

 
Considering rehabilitation applications, KinectTM, has been used before to assist in the 
recovery from physical and cognitive deficits after stroke. Moreover, GestSure 
Technologies has developed an application to help doctors navigate MRIs and CAT 
scans during surgery; Jintronix has developed a software application that allows 
patients with recovering from stroke to perform physical therapy exercises from 
within their own home; and the Johns Hopkins University uses KinectTM and gesture 
based tele-surgery to help in fine and precise manipulation of surgical tools while 
conducting surgeries. [71, 72] 
 
So, in this section a research carried out in collaboration with the Technische 
Universität München (TUM) and focused on the use of KinectTM as an adequate sensor 
for kinematics analysis to be applied in cognitive rehabilitation of AADS patients is 
presented.  
 
The main objective is to prove that KinectTM is suitable, accurate and effective enough 
to be used in the analysis and movement tracking of ADL performance taking into 
account its low cost and easy implementation. For that purpose, information regarding 
data collection and analysis of kinematic data obtained from the KinectTM during the 
performance of an activity of daily living (i.e., making a cup of tea) is provided. The 
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experiment is carried out by two people: a healthy person, in order to evaluate the 
system more technically and a real apraxic patient, to prove the performance 
considering a real case of use. Moreover, KinectTM data is then compared to the 
kinematic data collected at a higher sampling rate from an ultrasonic motion capture 
system (Zebris). The results are used to make comparison between both systems, and 
show the suitability of KinectTM for investigating kinematic patterns of movement in 
ADL tasks.  
 

3.2.1 Experimental Setup and Software Architecture 
 

The set-up used for the experiment is made up of KinectTM, whose main components 
and characteristics are described more in detail in Appendix B, and a central 
processor, which is responsible for: (1) receiving image and position data from 
KinectTM, (2) computing all the algorithms for analysis, and (3) providing user 
interface to interact with the KinectTM. 
 
It is important to mention that in order to ensure flexibility and to make the system 
more ergonomic and simple, the central processor and the monitor are embedded in 
an all-in-one computer, which provides the CPU and screen in only one device.  
 
Finally, several objects are selected from the corresponding ADL task in order to 
simulate the preparation of a tea. These are: a kettle, a coffee cup, and a tea bag which 
are presented later in Figure 10. 
 
According to the methodology to follow during the execution of the experiment, 
Figure 7 shows a block diagram representing the whole process designed since the 
data acquisition from the KinectTM to the plot and analysis of the signal. 
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Figure 7. The figure shows the modular methodology used with the Kinect™ for data analysis. 
First, the data is acquired so as to launch the camera sensor using Kinect™ SDK© functions 

and the interface developed, second, the data is filtered and synchronized, then the 
segmentation in epochs is carried out to represent and analyze the data. Finally, the 

information is stored. 

First of all, a user interface (Figure 8) has been designed based on the original open 
source libraries in order to interact with the KinectTM and make the acquisition of the 
data easy.  

 

 

Figure 8. Desing of a Kinect™ user interface for experiment. 
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This interface lets the user choose between different options related to the mode in 
which the KinectTM records the information from the cameras. One of the advantages 
of selecting the mode is that the user can customize the video image. Instead of 
recording the whole body, the KinectTM can record only the data from the upper half 
of the body.  

 

Besides the different images from the whole scenario, another functionality provided 
by the interface is the possibility of visualizing in real time the X, Y, Z positions of the 
hand (exactly, of a fixed point in the wrist). The interface, which has been 
programmed using C++ in Microsoft Visual Studio, has implemented a final option of 
saving all the position data in a file with a specific format selected by the user. The 
most common file formats used during the experiments are .xls and .csv. 
 
Secondly, once all the data is saved, all the data is post-processed by loading the files 
saved before using Matlab in order to plot the signals and study if any filtering is 
needed. As shown later, filtering has been focused on Butterworth. A Butterworth filter 
is applied to obtain maximum flatness in the band pass. For this case, it is applied in its 
digital version that is an IIR filter. The Butterworth filter provides the best Taylor Series 
approximation to the ideal low-pass filter response at analog frequencies fr = 0 and fr 
= ∞. In this case, no stability problems are found in the domain of the input data. 
 
After filtering the signal, KinectTM data is compared with the data obtained from 
Zebris, and used to determine whether the KinectTM can recognize handmade 
movements, and if it is a suitable motion capture system for cognitive rehabilitation. 
 
For comparison, an ultrasonic three-dimensional motion capture system was used as 
reference system. The Zebris [73, 74] system features three sonic emitters, which send 
out packets of ultrasound, and receivers that can be placed on relevant body segments.  
 

3.2.2 Data Collection for Experiment 

 
In order to test the suitability of the KinectTM device as a motion capture system, data 
from a neurologically healthy 32 year-old female (control participant), and a 47 year-
old female with apraxia (apraxic participant) was collected. Both participants were 
right handed. The apraxic participant had left-brain damage which resulted in 
hemiparesis of the dominant right hand. As such the apraxia patient had the use of the 
non-dominant left hand only. 
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While the decomposition of an activity in component tasks is common across a range 
of disciplines, Human Factors (particularly in the UK) employ a methodology called 
Hierarchical Task Analysis (HTA) [75]. What is important in this approach is not 
simply the hierarchical decomposition but also the definition of ‘plans’. As in the 
psychological studies of Cooper and Shallice [35], hierarchy is typically described in 
terms of decomposition of a “goal” into “subgoals”, moving from a high-level objective 
to lower-level tasks. In this case and based on HTA, the whole task tree designed for 
the experiment regarding the task focused on tea preparation is shown in the next 
Figure 9. 

 

Figure 9. Task tree for tea preparation based on HTA. 

 
However, in order to simplify the execution and make the experiment faster, the task 
to be executed is reduced by following these instructions, which specify a particular 
sequence in which the task should be performed:  
 Reach and grasp the cup. 
 Transport the cup to target position. 
 Reach and grasp the tea bag.  
 Place the tea bag into the cup. 
 Reach and grasp the kettle. 
 Transport the kettle to position over cup. 
 Pour the water from the kettle into the cup. 
 Place the kettle back on table. 
 Reach the tea bag. 
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 Stir the tea bag in the cup.  
 

Given that the apraxic participant was hemiparetic, the control participant was also 
required to use only the left hand to perform the task. The instructions emphasized 
that the task must be performed at a normal pace. The participants performed a total 
of 20 tea-making trials. The entire session took 30 minutes. The objects used in the 
experiment were arranged as shown in Figure 10. 
 

 

Figure 10. This figure shows the object layout for the experiment. The objects involved:  
a cup of tea, a kettle, a tea bag; the sensor KinectTM and the Zebris system. The general 

Cartesian reference system is also represented. 

 
The optimal distance to locate the KinectTM sensor in front of the participants was 1.3 
m. It was arranged so as to coincide with the participants body midline. By default, the 
way the KinectTM detects and obtains data from the body of the user is divided into 
different steps: the first step is focused on the segmentation of the depth data per-
pixel, body-part classification. In the second step, the system hypothesizes the body 
joints by finding global centroid of probability mass (local modes of density) through 
mean shift. In the last step, the hypothesized joints are mapped to the skeletal joints, 
and then fit to a skeleton by considering both temporal continuity and prior 
knowledge. Thus, the body is represented as a stick figure consisting of line segments 
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linked by joints (e.g., head, neck, shoulders, and arms), with each joint represented by 
its 3D coordinates.  
 
Kinematic data was collected by the KinectTM (30 Hz sampling rate) and the Zebris 
systems (120 Hz sampling rate). The Zebris system was used as reference system, and 
consisted of a sensor placed 1 m above the table, and a marker (1 cm diameter) which 
was fixed to the dorsum just proximal to the space between 1st and 2nd 
metacarpophalangeal joint of the left hand. The Zebris data was processed using 
WinData software 2.19.14 [73]. 

 
3.2.3 Data Analysis 

 

In the first step of data analysis, the kinematic data was loaded in a custom written 
MatLab program (The MathWorks®, Version R2010a), and the 3D coordinates were 
low-pass filtered at a 5 Hz cut-off, using a first order Butterworth filter. The data was 
also filtered using an infinite response filter, which was selected because it reduced the 
amount of delay in the signal. It is known to be more computational efficiency than a 
finite response filter. This low-pass filter adequately smoothed the signal, rejected 
movement artefacts and high frequency phenomena (e.g., aliasing), and eliminated 
power line harmonic interferences. Figure 11 shows the signal before (blue signal) 
and after (red signal) filtering KinectTM data: 

 

 

Figure 11. Result of filtering Kinect™ data with a Butterworth low pass filter. 
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In the next step, the Zebris data was then down-sampled to 30 Hz and then 
normalized by computing standardized z-scores using the mean and standard 
deviation of the vector for each axes (transverse, sagittal, coronal). This procedure 
allowed the comparison of the obtained data from the two motion capture systems to 
be done directly. The differences between the KinectTM and Zebris data were 
quantified utilizing Mean Square Error (MSE) and cross-correlation measures 
separately for each axes. MSE was computed using the matlab mean squared 
normalized error performance (mse) function, which measures the expected squared 
distance between an estimator (Zebris) and the observations (KinectTM). A MSE of 0 
means the estimator (Zebris) predicts observations (KinectTM) with perfect precision. 
Larger MSE values indicate that the observation values (KinectTM) differed from the 
estimator (Zebris). 
 
Cross-correlations were computed by using the matlab corrcoef function, and that 
function was used for estimating the dependence of the values obtained from the two 
motion capture systems. The correlation coefficient ranges from −1 to 1. A value of 1 
implies that a linear equation describes the relationship between the Zebris and 
KinectTM perfectly. Values around 0 imply that there is no linear correlation between 
the variables. Negative values indicate an inverse relationship between the variables 
(i.e., the values of one of the variables increase, the values of the second variable 
decrease).  
 
In order to ascertain whether the comparison of obtained data from the KinectTM and 
Zebris systems differed between the control participant and the apraxic participant, 
we conducted a 2 (individual: control participant, apraxic participant) × 3 (axes: 
transverse, sagittal, coronal) for each measure (MSE, cross-correlation) separately. The 
α level was set at 0.05 and as such p values less than 0.05 indicate statistical 
differences. 
 

3.2.4 Results 

 
Hand position for each dimension and correlation maps between axes for the control 
and apraxic participants are displayed in Figure 12. It was observed that the KinectTM 
(blue signal) was able to adequate track 3D hand positions, and was similar to that 
collected by a Zebris marker-based ultrasonic motion capture system (green signal).  
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Figure 12. Comparison of position data for the Kinect™ (blue lines) and the Zebris system 
(green lines) from a single tea making task trial for the control (a) and the apraxic  

(b) participant. 

 
The average Mean Square Error (MSE) and cross-correlation values for each axis are 
displayed in Table 4. Considering MSE, the values for the control participant ranged 
from 0.938 to 1.143. The MSE values for the apraxic participant were slightly higher, 
ranging from 1.265 to 1.322. Statistical analysis indicated that MSE values for the 
control participant and apraxic patient were significantly different from one another, 
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F(1,19) = 10.017, p = 0.005. This difference was primarily driven by the MSE values in 
the sagittal axes, which were lower for the control participant than the apraxic 
patient, F(1,19) = 4.478, p = 0.018. 
 

Table 4. Mean Square Error (MSE) and cross-correlation values for the transverse, sagittal, and 
coronal axes. 

 Mean Square Error (MSE) Cross-Correlation 
 Transverse Sagittal Corona

l 
Transverse Sagittal Corona

l Control 1.143 
(0.454) 

0.938 
(0.417) 

1.074 
(0.453) 

0.427 
(0.114) 

0.489 
(0.137) 

0.525 
(0.075) Apraxic 1.265 

(0.343) 
1.322 

(0.224) 
1.292 

(0.306) 
0.367 

(0.172) 
0.338 

(0.112) 
0.353 

(0.153)  
These results indicate that the overall observation (KinectTM) and estimator values 
(Zebris) were similar to one another (p > 0.05) regardless of axes, and that the 
obtained data from the KinectTM and Zebris motion capture systems were similar 
regardless of the neurological status of the participant for the transverse and coronal 
axes, but were significantly different from another in the sagittal axes. 
 
On the other hand, cross-correlation analysis indicated that the relationship between 
the KinectTM and Zebris systems ranged from 0.427 to 0.525 for the control 
participant. Based on the Cohen scale [76], these results indicate a medium correlation 
between motion capture systems for the transverse and sagittal axes, and a strong 
correlation between motion capture systems for the coronal axis. The cross-
correlations for the apraxic patient ranged between 0.338 and 0.367, indicating a 
moderate correlation between the tested motion capture systems for all three axes. 
Statistical analysis indicated that the cross-correlations were similar between the 
control participant and the apraxic patient.  
 
Notice from Figure 13 that the correlation map from the trials with the control 
participant is more symmetric than that one for the apraxic participant due to that the 
transformation between axes from the Zebris and the KinectTM is more linear because 
of different set up configuration. The data was considered and processed consequently. 
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Figure 13. Correlation map between axes for the control participant a) and the apraxic 
participant b). 

Overall, the results indicate a moderate to strong correlation between signals in the 
control participant, and moderate correlations between signals in the apraxic 
participant. Furthermore, although the sagittal axes MSE values differed between the 
control participant and apraxic one, the transverse and coronal axes MSE values were 
similar for both participants. Taken together, the research presented indicates that the 
KinectTM device is able to adequately track hand movement during ADL, regardless of 
the neurological status of the individual.  
 
These findings are indeed promising given that the sampling frame of the KinectTM 
device is lower than the Zebris system (30 Hz compared to 120 Hz), the position of the 
hand is determined using RGB camera and depth camera, and that the KinectTM sensor 
costs significantly less than its marker-based counterparts. 
 
Moreover, one of the main advantages of the KinectTM unit is its continuous 
development. It expands the possibilities for innovation with features like Near Mode, 
which enables the depth camera to see objects as close as 40 centimetres in front of 
the sensor. In addition, up to four KinectTM sensors can now be plugged into the same 
computer and do not need any calibration (if used on Windows). Such possibility is 
worth mentioning since it can improve and increase the accuracy of tracking and 
future possible recognition of movements from the kind of patients treated as 
presented in this thesis.  
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3.3. Vision-based Hand Tracking over a Table Surface 
 

 The scope of the implementation of a new non-invasive solution to track hands 
is at the same time divided into several objectives: 

 Supervise the actions AADS patients carry out in their daily living when 
manipulating objects such as preparing a drink, food, etc. without making feel 
patients uncomfortable.  

 Monitor AADS behaviour and physiological factors to assess progress and 
detect possible new episodes and/or deterioration of the syndrome. 

 Facilitate the acquisition of robust and continuous real-time data of the hands 
to analyze the behavior during execution of the tasks.   

 Contribute to a design of some future smart algorithms that use the hands 
behavior data as an input to be trained for action recognition. 

If an action recognition algorithm were created, several indirect goals appear: 

 A full automatic system would be achieved to provide guidance through 
multimodal cues implemented in smart devices, even installed at home.  

 Patients would get benefits from a personalized approach to correct errors 
committed without the necessity of depending on the help of a caregiver. 

 The most risky situations when manipulating dangerous objects such as knifes, 
would be predicted and avoided. 

By this way, in the future it would result in reducing hospitalization time, improve 
rehabilitation rates and increase AADS patient independence and quality of life. 

 
3.3.1. Experimental Layout 

 
The set up used for the development of the approach is composed by the same 
components used in the setup for testing Kinect™ individually and shown in the 
previous section (Figure 10) but with the addition of a table where the handmade tasks 
are executed. (Figure 14) 
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Figure 14. Experimental layout for the development and testing of the solution for hand 
tracking during handmade tasks. 

 

In this case, KinectTM is located perpendicular and pointing down to the center of the 
table. This is something previously imposed since if the projection of the reference 
system origin coincides with the center of the table, the processing and comprehension 
of hands position will be easier considering that during the performance of a task 
possible objects are located around the table surface. 

 
The height of KinectTM is optimal in order to make effective the detection and 
recognition of hands (as indicated in Figure 14, 1.22 m). However, this height has a 
maximum value of 1.8 m to maintain the effectiveness of the software focused on the 
recognition. Anyway, KinectTM can be higher but at cost of resolution. 
 

3.3.2. Description of the Detection and Tracking Algorithm 

 

The main objective is to get benefits from the image processing libraries available to 
increase the precision and ensure the continuity while detecting and tracking hands 
over a table surface where handmade tasks involve the manipulation of objects. 
 
Figure 15 shows the interface designed and used to visualized how the hands are 
detected, recognized and tracked in real time. 
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Figure 15. Interface with the detection and recognition of hands. a) Original video streaming; 
b) detection of table and arms/hands while task execution. 

 
The architecture of the software is shown in Figure 16, firstly, it detects and calibrates 
automatically the table surface, as can be seen in b) image from Figure 15, in less than 
one second.  
 

 

Figure 16. Software architecture for hands detection and tracking. 
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The detection of the table is achieved thanks to several filters and methods, in order to 
make difference between the borders of the table and the background: 
 
Table Detection 
The steps carried out to detect the table are focused on the identification of sharp 
changes (in depth) by implementing Laplacian filter and thresholding.  
 
The depth edges are also dilated to maintain continuity and the area composed by the 
continuous edges is filled for the representation of the table. 
 
Finally, K-curvature [77] is considered to find the corners on the table (k-value = 30 
and threshold = 70°). 

 
Arms Detection 
Meanwhile, for the arms/fingers detection a background subtraction is carried out. 
This is achieved after removing those pixels which are not above the table region.  
 
The edges of the arms are found thanks to a Canny edge detector (max. threshold = 
200, min. = 150, Sobel filter order = 5). Its dilatation is also considered to make them 
continuous. 
 
An OpenCV’s Suzuki85 algorithm is used to find the contours of the arm candidates. 
Those contours < 40 pixels in length are considered as noise. 
 
The arms base is found thanks to the intersection with any of the table's edge and K-
curvature is also implemented for fingertip locations (k-value = 30 and threshold = 
85°). 
 
Finally, Euclidean distance transform of the arm’s boundary points is considered to 
obtain the center of the hand. 
 
The software, programmed in C#/C++ by using Microsoft Visual Studio, uses both 
current KinectTM SDK and open source OpenNI libraries for the acquisition of the 
images, and only OpenCV ones to process them. 
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Once the table is detected, the arms/hands are recognized when they intersect any of 
the edges of the table (also see b) image from Figure 15. This detection (and tracking) 
is continuous during all the performance, something that could not be achieved by 
using the current KinectTM libraries from the default SDK. Arm crossing is also 
detected. 
 
The software provides specific information from the table and hands to be processed. 
Regarding the table, the following data can be obtained: 
 Height of the table. 
 Details about corners: number of them, location at the image, etc. 
 Bitmap mask. 

 
Meanwhile, considering the hands/arms/fingers, the following information is 
processed: 
 Geometric values: height, total number of pixels, etc. 
 Arm boundary defined by an array of points. 
 Bitmap mask for the arm. 
 Fingertips also defined by an array of points. 
 Centre of the hand (palm centre) represented by a point. 
 Base of the arm also represented by a point. 
 Unique ID per hand. 

 
3.3.3. Reference Systems Transformation 

 
Since the first step is to record data from the hands movement when moving around 
the table surface and while manipulating objects during a specific task, the point used 
as reference is the palm centre, whose position is obtained directly from the solution 
proposed. Information about the fingers can be also used in order to recognized 
gestures, but for this purpose another IR based sensor will be used and detailed in a 
future section. 
 
As the software is based on image processing, the palm centre (as any of the points 
provided) is characterized by two coordinates, X and Y, expressed in pixels from the 
top left corner of the table seen from KinectTM location (see Figure 15) and a Z 
coordinate expressed directly in mm as the distance between KinectTM and the hand. 
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So, a transformation of the measurements is needed in order to obtain a spatial 3D 
position with all the coordinates expressed in cm in reference to the static coordinate 
system from Kinect™ proposed in Figure 14 and whose reference origin projection is 
exactly the center of the table where the tasks are going to be executed. All the details 
about this transformation can be found in the corresponding Appendix C. 
 
As expressed at the beginning of this section, measurements expressed in cm are easier 
of being processed in case of serving as an input to smart algorithms that recognize 
the action and movements of the hand when manipulating objects. The objects 
involved in the task then would be fixed around the table surface in specific points 
with respect to the center of the same so it will be easier to compare these positions 
and the corresponding to the hands to know what objects they are approaching to, if 
all of them are expressed in the same units using the same reference. 
 

3.4.  Performance Evaluation 

 
 The main objective is to assess how the hands are positioned and tracked over 
the table bearing in mind the importance of the reliable data to be acquired while 
executing a specific task.   
 
The evaluation of the approach is necessary to demonstrate the suitability and utility to 
obtain accurate information of the attitude and behavior of body segments, in this case 
hands. A very precise data of the hands motion can make easier for medical 
professionals and researchers the assessment of the progress during the rehabilitation 
process.  
 
It is not so important that the user/patient executes the task but how he or she does, 
the level of stress or even the level of confidence during object manipulation.  
 
So, as a measurement system, different experiments were carried out to deep into the 
performance of the software in real tests and evaluate the level of quality of the 
information provided. The tests are focused on: assessment of the accuracy in the 
measurement of fixed points, considering the reference system used; calculation of 
repeatability; assessment of the accuracy in the tracking of the hand while describing 
certain paths; and assessment of the situation when the hand grasps an object. 
 



Chapter 3. Non-invasive Hand Motion Detection in Handmade Activities 

- 42 - 

 

All the experiments were executed by five different people. The main reason why 
several participants have been selected is two-fold: 
 First, to assess how different the measurements are by using different hands 

since the software is based on image processing and the shape/size of hand 
may affect. 

 Second, considering the variety of patients that could take advantage of this, it 
is important to consider different ways of behave when executing a task. 
 

3.4.1. Accuracy of Fixed Points 

 

Firstly, the five participants put the right or left hand over the position of certain fixed 
points located around the whole table where different objects are placed. In general 
for the experiments, 200 samples were considered for each participant and in each of 
the five points.  

On the one hand, Table 5 shows the results obtained for one of the points selected.  

 
Table 5. Accuracy of measurement in a fixed position (0, 140) mm. 

 
Each measurement is referenced by using the spatial coordinates system indicated in 
Figure 46 in mm. 

 
By analyzing the data and especially, the standard deviation, the measurements 
obtained directly from the hand detection software are very close to the mean value, it 
demonstrates the accuracy of the program. However, the deviation in the 
measurements of coordinate Y is always higher than the corresponding in X. In 
addition, the mean value for coordinate X differs from the real value more than 
coordinate Y. This will be highlighted later when obtaining the positioning error 
which demonstrates that the exactitude slightly depends on the region of the table. 
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Measurements slightly vary depend on the participant but that deviation is not so 
relevant as to stand that different kind of hands makes influence in the performance of 
the software.  
 
On the other hand, Table 6 shows the errors obtained (absolute value) in all the points 
for each participant between the mean value measured (derived from the software) 
and the real one (real location of the point) in mm. 
 

Table 6. Error in positioning of fixed points (mm). 

 
 
Considering a mean value for the error in each point, the following is obtained:  
 Error in point 0: (5.30, 4.72) mm. 
 Error in point 1: (10.88, 2.74) mm. 
 Error in point 2: (10.79, 6.56) mm. 
 Error in point 3: (11.14, 12.62) mm. 
 Error in point 4: (7.43, 10.18) mm. 

 
By analyzing the data, the reader will see that the error varies depending on the area 
of the table in the way that it increases as the hand moves further from the center of 
the table which is the projection of the reference origin.  Anyway, the error is always 
less than 20 mm as a representative value which indicates that the system accuracy is 
quite good and enough bearing in mind the main objective to reach.  
 
The context of the work is focused on tracking and positioning hands while 
manipulating objects so it is not so important to know that the center of the hand is 
exactly over a specific point/object but the hand is reaching a specific area where the 
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object is located. The objective is not to pass through the center of the object since the 
action is to grasp it or to take some ingredient.  
 
So, this study also gives an estimation of the minimum distances between objects 
considering their own diameter and the error when positioning to properly make 
difference if the hand is approaching one object or another. In that way, two different 
situations are considered since the diameter of the object can be higher or lower than 
the error in position: 
 In the first case, the own diameter of the object imposes the minimum distance 

between two objects to recognize which object the hand is approaching to.  
 In the second case, the error estimated from the accuracy of the system must be 

added to that diameter to make an appropriate difference between them. 
 
So, bearing in mind the current results, the second situation is only given when 
grasping very small objects like a small spoon whose width may be smaller than the 
magnitude of the error.  
 
To sum up, considering any set up where manipulating objects, a workspace or region 
for each object is needed which depends on the relation between the error in position 
and the diameter of each object. In addition, an extra margin can be considered since 
the hand doesn't locate over the exact center of the object, for example, when grasping 
objects that contains a handle. These workspaces shouldn't be intersected among them. 
 

3.4.2. Repeatability 

 

Considering the different points, all the participants tried to locate their hands in the 
same location. For this purpose, each of the five participants moved the hand 10 times 
to the position of one of the points (Point 3), so considering the mean position values 
measured for each one and ISO9283 [78], the mean value obtained for repeatability is 
15 mm. 
 

3.4.3. Accuracy in Tracking 

 
To obtain a measurement of the accuracy of the system in dynamic situations, when 
the hand is moving around the table, several experiments have been carried out by the 
participants. 
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First of all, the participants were asked to follow a predefined and fixed path to assess 
the deviation between that recorded by the software and the real one. Figure 17 shows 
this result only for one of the participants (MATLAB®  has been used for 
representation). As obtained from the figure, the error during hand movements is not 
very considerable and the action carried out can be perfectly recognized. 
 

 

Figure 17. Accuracy in hand tracking with predefined path. Blue path is the real trajectory 
described by the participant; red one is that recorded by the program.  

 
Secondly, a similar experiment was asked to be performed but this time the action was 
only to approach one of the points in a free way. This could be interesting to assess the 
way a participant approaches an object and the level of security to do it. 
 
Figure 18 shows this new experiment in which one of the participants performed this 
task twice, with and without doubt. The black trajectory recorded corresponds to the 
case in which the participant doesn't show insecurity in completing the task (the hand 
moves faster so there are less points recorded). Meanwhile, the red data shows doubts 
when moving to the corresponding object since, initially, the participant went to 
another different location but the movement was corrected during the execution. 
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Figure 18. Accuracy in hand tracking with free path. Black path is movement without doubt; 
red one is performed showing insecurity in the goal to achieve. 

 
Considering one of the behaviours of people that need cognitive rehabilitation after 
stroke which is pantomime (when they don't know how to perform), the system 
provides reliable data to recognize this kind of situations. 
 

3.4.4. Analysis of Grasping Objects 

 
In this final experiment, each participant was asked to grasp an object in order to 
study the situation when the hand is in direct contact with it. One of the problems 
expected is that when grasping an object, this becomes a part of the hand so the center 
of the palm changes its location. 
 
Figure 19 shows the situation when the hand of one of the participants grasps an 
object. 

 

Figure 19. Hand tracking while grasping an object. 
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For that, the participant initially put the hand in the centre of the table to check that 
there is coincidence between the real position and that recorded by the software ("No 
object" indication). After that, the user grasped the object and came back to the same 
position as before with the object (a kettle) in hand (Figure 20) but the new 
measurement from the software had a considerable deviation of almost 100 mm 
("With object" indication). 
 

 

Figure 20. Steps carried out to grasp an object. a) Initial position; b) grasping the object; c) 
come back to the centre of table. 

 
This fact is also something to take into account when implementing some smart 
algorithms that automatically recognize the task since when the participant executes 
an action focused on pouring some liquid into an object, the measurement of the palm 
center differs from the real position providing erroneous positioning. 
 

3.5. Discussion 

 
 A detailed study and analysis of the approach proposed for capture of hands 
kinematics over a table surface during handmade task have been presented. It turns 
out to be a possible solution to be used for rehabilitation techniques to provide with 
reliable and continuous data which ensure the assessment of hands behavior while 
executing common daily tasks with object manipulation involved. 
 
Different experiments have been carried out by using a specific simple platform 
mainly composed by Kinect™, a table surface and open source OpenNi/OpenCV 
libraries. Experimental results obtained have shown that: 
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 First, the current approach used in terms of hardware and software is simple 
and even easy to install and/or use in hospitals or rehabilitation centers. 

 Second, the system is accurate enough to provide reliable and continuous data 
of hands position. That representative data could be input to some smart 
algorithms capable of automatically recognizing the movements to monitor the 
execution of task. 

 Third, a specific region or workspace is obtained in order to ensure a proper 
detection and positioning during the execution of task. Also, a minimum 
separation between objects is defined and depends on their size and position 
error. 

 Fourth and finally, the system performance does not depend on shape either 
skin color feature of the user's hands. 
 

This chapter is complemented with the following one which shows the research done 
in the field of hand gesture recognition once the tracking stage is solved. Additionally, 
an evaluation of facial expressions recognition will be also presented to analyze if it is 
possible to provide redundant information about the behavior of the patient during 
the execution of the rehabilitation task.  
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Chapter 4 

 

Monitoring of Hand and Facial Gestures 
during Task Execution 

 

 

 

 
 An initial introduction to the different taxonomies in the field of 
grasping evaluation is made. The approach designed to detect hand 
gestures for tool grasp based on a IR sensor and how it is 
complemented with a depth camera for face detection, such as that 
used in the previous chapter, is described and evaluated. Moreover, 
a preliminary evaluation of facial expressions recognition using a 
low cost camera is presented in order to analyse its level of success 
to be used to control user's mood during the execution of tasks. 
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4.1. Classification of Grasps and the Human Hand Manipulation 

 
 The analysis of hand gestures and especially some parameters such as velocity 
or path described, provides with useful data about intentionality, level of stress or even 
confidence during the completion of an action. There are different criteria in order to 
classify a gesture. As a first attempt, considering its relation to the movement, it can be: 
static or dynamic.  
 
Regarding the goal of the gesture apart from the kind of movement described, gestures 
can be classified as: 
 Semiotic: the gesture indicates and provides useful information.  
 Ergot: the gesture allows manipulation.  
 Epistemic: the gesture makes possible the interaction with the environment to 

understand and explore it. 
 
Anyway, any classification depends on the nature of the associated gesture since hand 
manipulation is considered as the most primitive and simplest way of proprioception. 
However, considering the objective of the chapter which is focused on the recognition 
of hand grasping and facial expression, the key point to classify grasping gestures 
relies on the taxonomy of the grip [79]. Based on taxonomy, there are two different 
ways of griping: power and precision. Meanwhile, precision grips can be divided into 
several types detailed in Table 7: 
 

Table 7. Categories of precision grips. 

Concept name Representation 

Power Prismatic 

 

Power Prismatic 

(thumb extended)  

Power Circular 
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Power Plane 
 

Precision Circular 

 

Precision Prismatic (3f) 

 

Precision Prismatic (2f) 
 

 
 

First of all, Power Prismatic is focused on grabbing a rod-like metal and hard object 
which is not quite large. The thumb is extended in parallel to the axis direction of the 
cylindrical object. Secondly, in this new class of Prismatic Power grip (with thumb 
extended), user grasps an object with similar shape but larger diameter than the 
previous one. In this case, thumb dexterity is extended in parallel to the cylinder axis 
direction.  
 
The third type of grip, Power Circular, considers the action of holding a big sphere. 
The object is totally embedded in the user's palm with all the fingers around it. 
Fourthly, in Power Plane, a not prehensile flat object is supported on the palm with 
fingers extended. The fifth category is similar to power circular but in this case the 
sphere is smaller, light-weighted and grasped by the fingers.  
 
The sixth type is known as Precision Prismatic (3f) which turns out to be a prismatic 
precision grip with the thumb and two fingers. The user holds a small and thin long 
object with all fingers, as indicated in the table. Finally, the homologue Precision 
Prismatic (2f) corresponds to the same hand gesture as before but using just the thumb 
and index finger. 
 
 

4.2. IR-based Tool Grasp and Face Detection in Grooming 
Activity 

 
 Since the first ages of human, gestures have covered an important role being a 
natural way to interact with the environment and with other humans. Considering 
that a gesture is a body movement, a gesture can be expressed in combination with 
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some verbal cues, hands movement or even eyes, for example, winking. In [80], a huge 
number of non-verbal communication signals are considered, meanwhile, these 
signals contain lots of facial expressions [81] and, of course, gestures [82]. Moreover, 
according to author in [83], 35% of communication during a discussion is verbal and 
65% is non- verbal, gestures. 
 
Gesture recognition is an area of artificial intelligence and computer vision whose 
development has been focused on the use of intrusive interfaces. The recognition 
usually is achieved by facing two main issues related to the classification of the 
gestures and after that, the analysis and decision based on that classification. 
 
On the one hand, classification of gestures is based on some criteria, for example, 
related to a movement (static or dynamic). The classification is strongly associated 
with the voluntary nature of the corresponding gesture.  
 
On the other hand, regarding the detection and analysis stages of a gesture, there are 
different methods to be used depending on its classification. For example, a posture 
can be identified by using simple algorithms which match templates but a dynamic 
gesture implies the use of more advanced software, for example, Hidden Markov 
Models (HMM), particle filtering, condensation algorithm, or statistical modeling. [84 
- 87] 
 
Considering the capture, modeling and recognition of a grasp gesture, which have 
been always an open issue, they have already been exhaustively analyzed in [88, 89]. 
The use of special gloves is become more and more frequent taking into account their 
accuracy. In [90, 91], authors use Gaussian Mixture Model (GMM) to obtain and 
represent the paths followed by the fingers. This make possible the recognition of 
gestures analyzing the data provided by gloves. Meanwhile, Bernardin et al use HMM 
to implement a continuous recognition of different sequences of grasps [92]. 
Moreover, neural networks were chosen to recognize grasps in the project Glove-Talk 
[93, 94]. 
 
Support Vector Machine (SVM) was even fused in [95] and a finite state machine was 
programmed for hand tracking to interact with virtual environments in [96]. Authors 
in [97] and [98] implemented fuzzy algorithms for recognition of gestures but there 
was a strong dependency on a previous exhaust evaluation of the gesture. 
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Although contact devices are, in general, more precise when obtaining motion data 
and they don't present problems related to occlusions, in order to avoid the necessity of 
users collaboration it is more frequent to use vision-based and IR-based systems which 
rely on the use of cameras to acquire data from the video streaming for interpretation.  
 
One of the main advantages of using vision-based technology is that sensors are non-
invasive for the user and there is no need for cooperation. So, users don't have to face 
possible problems associated with allergy either cancer risk from magnetism since 
they don't have to wear specific hardware attached on body segments. Moreover, in 
case of using gesture recognition in medical applications such as cognitive 
rehabilitation, vision-based platforms are less intrusive and more comfortable for 
patients. These systems also use a broad range of devices such as infrared sensors, 
stereoscopic systems or PTZ cameras. [99 - 101] 
 
Meanwhile, facial expression recognition is the procedure that parameterizes the 
facial shape characteristics and classifies them in specific expressions. The classes that 
are used in the classification are defined from databases of images or videos of 
volunteers performing certain expressions. These databases are labelled from scientists 
or from volunteers and are used to train the classification algorithms [102]. 
 
In this section, a step forward is presented for recognition of hand grasping gestures 
synchronized with face detection during the execution of a grooming daily activity 
focused on toothbrushing. A low-cost infrared sensor called Leap Motion is used and 
introduced to obtain very accurate data from fingers without additional contact 
devices. Kinect™ camera is again used for face detection. 
 

4.2.1. Description of Leap Motion Sensor 

 
Leap Motion sensor turns out to be a brand new Natural User Interface (NUI) 
hardware initially designed to let users interact mainly with their computers in an 
innovative way by replacing conventional mousses with this device.  
 
The sensor, whose technical specifications, components and main features can be 
consulted in [103] and Appendix D, is connected to the computer via serial port and it 
is mainly composed by two monochromatic IR cameras and three infrared LEDs. 
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It detects and tracks fingers, hands and the tip of some cylindrical tools with an 
accuracy of around 0.01 mm in the best conditions [103]. The data provided by the 
sensor are mainly related to [104]:  
 Identification of right or left handedness. 
 Identification of five fingers for each hand. 
 Positions and orientations of each finger bone and tools. 
 Position of palm center. 

 
Moreover, this device can recognize some predefined gestures such as "pinch" and 
"grasp". However, the sensor presents some limitations in its performance. On the one 
hand, due to not all motions are well defined, not all the movements are tracked in the 
same way. For that reason, the software from Leap Motion assigns a kind of confidence 
to indicate the level of accuracy in the corresponding tracking. Anyway, the validation 
of the gestures and/or movements will still be right although there is a low confidence 
in the data.  
 
On the other hand, the workspace is very limited, a pyramidal projection of 3 feet 
(about 90 cm) in high. This may cause different issues related to occlusions. Last 
versions of software consider this problematic and improve tracking and detection in 
several situations such as hand crossing.  
 
Anyway, these limitations don't make the user adopt an unnatural position to work 
with the sensor either to be stressed while interacting with the environment. 

 
 

4.2.2. Implementation of the Recognition Algorithm 
 

As indicated previously, the activity chosen to represent one of the ADL for grooming 
is toothbrushing. The algorithm designed is exactly focused on detecting when the 
hand grasps the tool, in this case, a brush, by using Leap Motion sensor and when it is 
approached to the mouth. For this last stage, the help of an additional sensor to detect 
the face and obviously, the mouth, is needed. Kinect™ is used for this purpose. 
 
The algorithm is programmed in C# by using Microsoft Visual Studio as usual and the 
corresponding libraries from the Leap Motion SDK and Microsoft Kinect™ SDK (in 
this case, libraries from OpenNI either OpenCV are not used). 
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Previous Considerations 
First of all, the main advantages Leap Motion provides in this new task of 
toothbrushing are: 
 The toothbrush can be detected being static or in movement.  
 Simple coordinates transformation to KinectTM reference system to compare 

positions. 
 It can recognize hands through a transparent (for IR) material (tested with an 

acrylic layer of 7mm thick) as well as tools (thin cylindrical objects such as 
toothbrush). 

 The case is water resistant unless manufacturer does not provide an Ingress 
Protection Code (IPC). Also, smug in the case is detected by the device and 
external IR light compensated, so, these parameters can be supervised to obtain 
optimal operation conditions. 
 

On the contrary, there are some limitations in the use of the sensor: 
 Small workspace. It must be located horizontally and upwards over the table 

set up in order to ensure that all the movements for completion of the task are 
in the field of view of its workspace. (Figure 21) 

 Toothbrush must not be reflector because the IR won't work properly. 
 Toothbrush tracking is lost when it is near/inside the mouth. In that case, the 

coordinates of the toothbrush can be obtained from the coordinates of the hand 
(estimation method) or by using a visible tool shaped marker attached in the 
toothbrush. Anyway, only detection of the approach of the tool to the mouth is 
considered. 
 

Finally, regarding some technical specifications the following points must be 
highlighted: 
 Optimal distance between Leap Motion and hands: [100, 250] mm. 
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Figure 21. Leap Motion workspace. [103] 

Meanwhile, from all that information provided and calculated from the image 
obtained from Kinect™, the most important values are those related to the boundary of 
the mouth, which is composed by the following points:  
 

 

Figure 22. Points detected over the mouth by using Kinect™. 

 

A specific 3D workspace around the mouth can be defined by building a rectangle 
composed by those points highlighted with rows, which are obtained in a specific 
array.  
 
Figure 23 indicates the reference system used to represent the points detected and 
tracked in the face and especially in mouth. The centre of the coordinate system 
coincides with the optical centre of the camera. The distances are expresses in meters 
by default and the angles for rotation movements in degrees. 
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Figure 23. Reference system used by KinectTM for face tracking. [105] 

 

The algorithm also detects head poses as indicated in the following figure: 

 

Figure 24. Head poses detected by KinectTM. [106] 

 

As well as Leap Motion sensor, the main advantages KinectTM provides for face 
detection in toothbrushing are: 
 There are enough points in order to consider a work region around mouth to 

detect if the toothbrush approaches it or not. 
 The head is detected and tracked although the user is manipulating a 

toothbrush around the mouth. 
 Mirror reflection is detected (Figure 25). 
 The sensor can detect up to 2 faces simultaneously. 
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Figure 25. Face detection in mirror with Kinect™. 

 

However, there are some constraints to be considered when using this sensor for the 
purpose of face tracking: 
 If the toothbrush is bigger than the mouth and occludes it, KinectTM gets 

confused by assigning the movements from the toothbrush to mouth. 
 The sensor should be just in from of the mirror in order to have a bigger 

workspace and better detect the head poses. So, the best placement would be 
behind or over the patient (hanged from the ceiling or fixed on the wall). 

 The face tracking is lost when not the whole face is detected. So, when spitting, 
for example, or when occluding the face with the hand, the sensor is not able 
to track the face of the patient. 

 Z coordinate is modified when detecting reflection in mirror. In this case, Z 
coordinate is sum of: the distance between KinectTM and the mirror; and the 
distance between the mirror and patient. So, small variations in the distance 
between the patient and the mirror mean bigger separation from the sensor. 

 
Finally, regarding some technical specifications the following points must be 
highlighted: 
 Range of distances for detection: [0.8, 2] m. 
 Optimal distance between Kinect™ and user's face: 1.5 m. 
 When working with reflection in mirror, X and Y coordinates are exchanged, 

and: 
                               

patientmirror
Z

mirrorsensor
Z
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Z
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Flow Diagram Architecture 
Figure 26 represents the flow diagram of the algorithm designed for the connection of 
Leap Motion and Kinect™ simultaneously to detect hand grasp of the brush and the 
approach of the tool to the mouth of the user. 
 
As shown in the figure, the main steps are those related to synchronization of both 
sensors, transformation of Leap Motion coordinates to Kinect™ reference system and 
the construction of a 3D region around mouth to detect the intersection with the 
brush.  

 

Figure 26. Flow diagram of the algorithm for grasp and face detection simultaneously. 
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Synchronization and Coordination between Kinect™ and Leap Motion 

First of all, it is important to make reference to the difference between both concepts. 
Synchronization refers to the necessity of linking data from different sensors in a 
unique data processor. Since both devices send data in a different velocity and in 
different instants of time, it is mandatory to implement a synchronization stage to 
avoid loss of data.  
 
Meanwhile, coordination means the data interpretation of both sensors to achieve a 
unique estimation. This is also very important since at the final stages of the algorithm, 
coordinates of both sensors are compared, after the corresponding transformation 
between reference systems, to detect the event of approach to mouth.  
 
On the one hand, synchronization is a process of temporal adjustment with the 
objective of sending to the processor data from both devices at the same time and in 
the same format. Due to the velocity of Leap Motion is approximately three times 
higher than Kinect™'s one, the algorithm tries to adequate the velocity of the faster to 
that slower by a simple process of time stamps.   
 
On the other hand, coordination is not a continuous process. It is only required when 
there is a need of comparing, contrasting and working with data from different 
devices. The aspects which have been considered when working with comparable data 
are the following ones: 
 The utilization of the same unit formats. The data from Leap Motion, which is 

given in mm, has been converted into cm which is the characteristic unit of 
Kinect™ measurements.  

 The utilization of the same reference system. Coordinates from Leap Motion 
have been transformed to be expressed in the reference system from Kinect™. 
  

Coordinates Transformation to Kinect™ Reference System 
There are two reference systems involved in the task: Leap Motion reference system 
(SL) and Kinect™ reference system (SK) as shown in Figure 27. SK presents an 
inclination (β) that corresponds to the orientation with respect to the floor. This angle 
is also used in order to orientate the camera to the user's face and it is automatically 
obtained from Kinect™ SDK. 
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Figure 27. Transformation between Leap Motion and Kinect™ reference systems. 

In order to detect if the brush is approaching to the mouth area, it is necessary to have 
the coordinates of the mouth (3D region described later) and those corresponding to 
the tip of the brush in the same reference system. The reference system chosen to 
express all the coordinates in is SK due to the final region of action is in the face of the 
user. 
 

For that purpose, homogeneous transformation matrices are used in order to 
implement a set of rotations and translations with the help of an intermediate mobile 
system SI. The steps are more detailed in the corresponding Appendix E. 
 
Construction of 3D region around mouth for intersection detection 
Next Figure 28 shows the representation of a 3D region in order to detect the 
intersection with the brush. The idea is to compare, once the brush is detected and the 
grasp gesture is recognized, if the coordinates of the tip of the brush are inside this 
area which is initially defined with the values indicated in the figure.  
 

 

Figure 28. Construction of a 3D region to detect intersection with tool. 
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Obviously, the intersection of the tip of the brush with a 3D region does not mean that 
the brush is inside the mouth for brushing teeth. For that reason, the dimension of the 
region is defined as closer to the mouth as possible and almost in the boundary where 
the tip is lost by Leap Motion sensor. So, this approach gives information about the 
event of being on the point of going inside the mouth. Further details about the way 
the patient exactly brushes the teeth would be obtained by using additional sensors 
attached to the brush which is out of the scope of this thesis. 
 

4.3. Analysis of Results after Experiment 

 
 In this case, the main scope of the experiment is to monitor and sensor in a 
non-invasive way the positions of the hand and tool (brush) manipulated by the user 
in a grooming daily task focused on toothbrushing.   
For that purpose, enough data is required to be able to recognize if the user is about to 
execute the task of toothbrushing correctly or not. The whole task is divided into 
several more basic actions such as:  

 Approach of the hand to the brush. 
 Grasp of the brush. 
 Approach of the brush to the mouth. 

 
The success of the completion of the task and, of course, the experiment, depends on 
the correct detection and recognition of those sub-actions. 4 different users were 
selected to test the software by repeating the 5 times.  
 

4.3.1. Experimental Layout 
 

Next Figure 29 and Figure 30 show a representation of the experimental layout used 
in order to test the performance of the approach designed and described in the 
previous section: 
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Figure 29. Experimental set up to test the monitoring of toothbrushing. 
 

 

Figure 30. Lay out for the objects involved in the task over the acrylic surface. 

As indicated in Figure 30 and in previous considerations, the use of an acrylic surface 
is needed in order to ensure that the brush is detected initially in its static position.  
 
According to the features of Leap Motion sensor, some tools with specific 
characteristics are detected by default. However, since not all the brushes are detected 
by the sensor because of its material and shape, different personalized brushes are 
considered to ensure the detection by the IR sensor. Figure 31 A) shows a common 
commercial brush modified and with a kind of marker attached between the head and 
the handle detected by Leap Motion.  



Chapter 4. Monitoring of Hand and Facial Gestures during Task Execution 

- 64 - 

 

 

Figure 31. Personalized brushes for detection by Leap Motion sensor during experiment. 

It is important to consider that cylindrical heads corresponding to commercial electric 
brushes are also detected by the sensor as that one shown in Figure 31 B), in this case 
with a personalized handle designed and printed by using a 3D printer. 
 

4.3.2. Face Detection 

 
At the beginning of the experiment, the user must wait for Kinect™ to detect his/her 
face. This time may vary between ms and a few seconds, depending on light conditions 
and/or internal issues of performance of the camera. Anyway, more deep analysis of 
this recognition time is presented in the next chapter where connectivity evaluation is 
carried out by using a real prototype designed for the purpose of this thesis.  
 
Once the face is detected, the algorithm shows to the user that this event is achieved, 
storing in a database the values of the coordinates of the points of the mouth 
considered and already represented in Figure 22. 
The level of success of this step was 100% in all the cases (5 times for each user, so 20 
times). The face was always detected in no more than 5 seconds.  
 

4.3.3. Detection of Hand Approach to the Tool 

 
This stage is the most intuitive since it consists of using the own SDK from the Leap 
Motion sensor taking advantage of its intrinsic capacities of detecting a hand with its 
corresponding fingers and track their movements.  
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During the experiments, there was no problem in detecting the approach of the hands 
to the brush and the data was stored with the nominal accuracy and velocity of the 
sensor. This stage finishes when the brush is grasped and a new tracking stage of the 
tip of the brush starts.  
 

4.3.4. Recognition of Grasp Gesture 

 
Once the grasp gesture is carried out in the correct place where the static brush is 
located, a corresponding message is prompted to the user in the output window from 
the interface of Microsoft Visual Studio. There are two types of grasps considered in 
the algorithm: power prismatic and precision prismatic (3f) from Table 7. The main 
reason why no more gestures were implemented to be recognized is that, on the one 
hand, the rest are more or less a composition of these two and, on the other hand, 
possible problems with occlusions would arise.  
The level of success of the first type of grasp was 96% (in 20 grasps for each user), 
whereas the level for the second type was 93%, so the robustness in the recognition of 
these two gestures was very high.  
 

4.3.5. Detection of Tool Approach to Face 

 
This final stage involves the synchronization and coordination of both sensors as 
detailed previously in this chapter, in order to be able to detect if the brush is inside 
the 3D area as already described.  
 
Although this is the most critic part of the algorithm because of the transformations 
carried out between coordinates and synchronization of the devices, the level of 
success in detecting this event is close to the 100%, with some punctual failures due to 
technical issues related to the IR performance of Kinect™. An additional screen 
message also appeared when the brush intersected the mouth region. 
 
The algorithm considers that the task has finished when more than 2 consecutive 
intersections are detected in the proximity of the mouth. 
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4.4. Evaluation of Facial Expressions Recognition with a Low-
cost Camera 

 
 Six prototypic expressions i.e. happiness, anger, disgust, fear, sadness, pain and 
surprise are most commonly used in the literature and were defined in [107]. These 
expressions with the addition of pain are used in the preliminary research presented 
in this section, which was carried out in collaboration with the Hellenic Open 
University (Greece). 
 
The device selected for this purpose is again Kinect™ which was also used for the 
facial parameterization in [107], by employing the CANDID3 face model [108]. 
 
In this case, the objective is just to evaluate Kinect™ face tracking toolbox which 
includes the following functionality: 
 3D head pose estimation (head position and orientation in space). 
 Face Shape Units (SU) including: head height; eyebrows vertical position; eyes 

vertical position; eyes width; eyes height; eye separation distance; nose vertical 
position; mouth vertical position; mouth width; eyes vertical difference; and 
chin width. 

 Face Animation Units (AU) including: AU0 - Upper Lip Riser; AU1 – Jaw 
Lowerer; AU2 – Lip Stretcher; AU3 – Brow Lowerer; AU4 – Lip Corner 
Depressor; and AU5 – Outer Brow Raiser. 
 

The face SUs are used in the algorithm to identify the user’s face while the face AUs 
are used to classify if the user is feeling discomfort (negative expressions including 
anger, disgust, fear, sadness, pain) or enjoys the exercise (positive expressions 
happiness and surprise).  
 
The classification of facial expressions is based on the minimum Euclidian distance 
from centroids, of each expression, in the 6 dimensions space of AUs. The centroids 
were calculated from the feedback experiment that was performed with volunteers 
concerning. 
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4.4.1. Feedback Experiment 

 
An experiment was performed in order to assess the accuracy of the face expression 
recognition software provided by the Kinect™ toolbox. Seven volunteers participated 
in the experiment (five male and two female) with an average age of 34 years old. 
(Figure 32) 
 

 

Figure 32. Face detection in the experiment for face gesture recognition. [109] 

The software presented an emotional condition to the volunteer and he/she had to 
perform the corresponding facial expression 7 times with a pause between each 
repetition in which the volunteer changed to a neutral expression. When the 
volunteer was making the expression, he/she was required to press the capture button. 
The facial expressions asked to the volunteer were the basic six facial expressions 
(happiness, anger, disgust, fear, sadness, surprise) and pain. The AUs for each 
expression were recorded.  
 
This data was used in the application for classification with a clustering algorithm 
based on the Euclidian distance from the average value of each AU for each 
expression. 
 
The average values for the AUs were calculated for each expression and then the 
expressions were classified based on the distance of their AUs from the average of 
each expression. The results are presented in Figure 33 where a number is assigned to 
each expression: (1) Happiness, (2) Anger, (3) Disgust, (4) Fear, (5) Sadness, (6) Pain 
and (7) Surprise.  
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Figure 33. The percentage of correct classification of each expression for each volunteer. [109] 

 
The average values and standard deviations of correct classifications for each 
volunteer and for each expression are presented in Table 8 and  
Table 9 respectively. 
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Table 8. The average value and standard deviation of correct classifications for each volunteer. 
[109] 

Volunteer V1 V2 V3 V4 V5 V6 V7 V8 

Average 0.653 

 
 

0.419 0.411 0.566 0.439 0.459 0.720 0.471 

Standard 
deviation 0.123 

 

0.218 0.172 0.135 0.277 0.207 
 

0.213 0.239 

 

Table 9. The average value of correct classifications of each expression. [109] 

Expression Happiness Anger Disgust Fear Sadness Pain Surprise 

Average 0.648 0.616 0.455 0.414 0.599 0.360 0.529 

Standard 
deviation 0.176 0.233 0.194 0.250 0.210 0.178 0.187 

 
From the results, it can be concluded that the classification is around 50% successful 
except in the case of volunteer 7 which is more than 70% accurate. The least correctly 
classified expressions were the ones of pain, fear and disgust.  

 

4.5. Discussion 

 

 During the experiments, relevant data is constantly received and stored that 
could be used for further analysis of the execution of the task, moreover to also 
monitor possible errors and create behavior models.  
 
The process of sensing has been completed, just with possible future improvement in 
recognizing more complex types of grasps of the tool. Moreover, the accuracy of both 
devices makes the approach proposed robust, precise and easy to integrate in a more 
complete platform or prototype. It is important to highlight that it is not needed any 
training phase and any inexpert user can be monitored without a period of adaptation 
to the system.  
 
However, some limitations are found during the execution of the tasks mainly related 
to face detection and facial expression recognition. The level of success in the 
performance of the software decreases if more than one user is in light of sight of 
Kinect™ during the monitoring. If several faces are detected, the algorithm may get 
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lost since the stage of transformation of coordinates exchanges the faces recognized 
and the coordinates of the tip of the tool are erroneously converted.  
 
Finally, the facial expression recognition algorithm, although an interesting feature of 
the Kinect™ sensor, had a low success rate in recognizing expressions. During the 
experiment the volunteers had difficulty in finding a way of performing the 
expressions of pain, fear and disgust while for the rest happiness, sadness and surprise, 
they largely exaggerated them. This is a problem noted in the literature concerning of 
how natural can be a pretended expression. Another reason of failed classifications 
can be the mislabelling from the volunteer while performing the expressions.  
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Chapter 5 

 

Design of Experimental Prototype for 
Interaction with Stroke Patients 

 

 

 

 
 This chapter presents the experimental prototype designed to 
integrate the hardware and software solutions proposed in 
previous chapters. A description of some initial system 
requirements bearing in mind the kind of patients considered to 
interact with is also made. The whole architecture of the 
components, software modules and layout are defined. Finally, a 
detail technical evaluation of the communication between 
components is also done.   
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5.1. Initial Functional Requirements 

 
 The following tables show some of the functional requirements considered for 
the design of a prototype which could be used to integrate the solutions adopted in 
previous chapters to monitor the patient during the execution of certain handmade 
daily activities. 

Table 10. General functional requirements for the prototype designed. 

Requirement Number Description 

G-REQ 1 The prototype should be user friendly and 
should be adaptable to the best interaction 

mode according to the characteristics of the 
AADS user. 

G-REQ 2 The prototype should be compatible and 
adaptable to the addition of future 

intelligent algorithms for action recognition 
and error feedback during task execution. 

G-REQ 3 The prototype should allow the installation 
at the patient's house. 

G-REQ 4 The system performance while performing 
certain ADL should be monitored. 

 

Table 11. Components functional requirements for the prototype designed. 

Requirement Number Description 

C-REQ 1 The prototype should acquire information 
about the patient interaction with certain 

everyday objects. 

C-REQ 2 The position of the patient and his/her hands 
should be tracked. 



Chapter 5. Design of Experimental Prototype for Interaction with Stroke Patients 

- 73 - 
 

C-REQ 3 The patient performance during the 
rehabilitation sessions should be video 

recorded. 

 

Table 12. Security functional requirements for the prototype designed. 

Requirement Number Description 

S-REQ 1 The prototype shall devise a proper backup 
plan in order to reduce damages in case of 

loss of data. 

 

As indicated in the tables, the requirements proposed in the design and construction of 
the prototype are mainly related to: 
 The level of attractiveness and easy-to-use when interacting with patients. 
 The possibility of adaptation for a possible installation at the patient's house in 

order to promote a rehabilitation process in a more familiar environment 
instead of moving to the hospital of rehabilitation centre. 

 The possibility of addition of more software modules to incorporate intelligent 
algorithms for activity recognition and error feedback when needed during the 
execution of the task. 

 The idea of recording a video from the execution of the task for further analysis 
thanks to the RGB camera included in Kinect™ device. 

 
5.2. Integration of Hardware Components 
 
 The prototype designed and thought to provide movement and behavior 
monitoring of the patient while performing a rehabilitation task is mainly composed 
by:  
 Monitor ( All-In-One computer or additional tablet). 
 Table with daily common use objects which are involved in the task. 
 Kinect™. 
 Leap Motion sensor [110].  

 
The devices used for monitoring such as Kinect™ and Leap Motion have been already 
defined in the previous chapters. So, in this case only the description of the monitor 
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and table will be emphasized. The following Figure 34 shows a photo of the version 
designed for the prototype and installed at the Hospital München-Bogenhausen for 
experiments for real  patients: 
 

 

Figure 34. First version of the prototype for testing with real AADS patients (Hospital 
München-Bogenhausen). 

 
First of all, an initial solution lied in the use of an “All-in-one” computer [111] which 
is composed by a LCD monitor and the central processor which computes all the 
information. The main functions of this device are: 
 The computation of the corresponding software for detection and tracking  

developed and described in the past chapters. 
 Implementation of a data link module to interconnect via USB cables the 

hardware monitoring devices, i.e. Kinect™ and Leap Motion sensor. 
 Implementation of user interface in order to visualize the performance of the 

devices for hand tracking and gesture recognition (Figure 15).  
 Although out of scope of this thesis, implementation of possible interfaces to 

interact with the patient during the execution of the task through its touch 
screen. The idea is that the patient could select the desired task to execute and 
start/stop the application. Once the task is selected, the patient could execute 
the task being aware that if an error occurred a kind of feedback would run on 
the monitor in order to alert and guide all the movements for correction. The 
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errors will be known thanks to those algorithms for action recognition and  
prediction that have been mentioned previously which would use as an input 
the data provided by the work done in this thesis. 
 

One of the advantages of the selected resource All-in-one computer is that it has both 
the monitor and CPU integrated in the same hardware and it doesn’t need too many 
cables, so it is easier to be installed at home. 
 
As the experiments and use of the prototype went ahead and thinking on the general 
requirement G-REQ 3, which introduces the idea of installation at home, it was clear 
that the use of a more ergonomic and comfortable monitor was needed. For that 
reason, the current All-In-One computer was substituted by a tablet [112] to provide 
ubiquity in the environment of the patient.   
 
Meanwhile, the table used for the execution of the task doesn't present relevant 
requirements. The size of the table is only that required to be able to locate all the 
corresponding objects involved in the task and the only specification is that the 
distance to Kinect™ must fulfill the value defined in the corresponding Chapter 3 in 
order to be sure that the whole table is detected by the algorithm and the four corners 
are properly positioned. 
 
The following Table 13 shows a summary of the objectives of each of the main 
components of the prototype: 
 

Table 13. Functions of the main components of the prototype which interact with the patient. 

Device Function 

Kinect™ - Hands position by X, Y, Z coordinates. 
- Face detection and tracking. 

- Video of the execution of the task. 
Leap Motion - Gesture recognition. 

- Hand/fingers detection and tracking. 
- Tool detection and tracking. 

Tablet - Local data storage. 
- Main processor for algorithms. 

- Initial user interface to set up the prototype performance.   
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As indicated in the previous chapter and summarized in the table, Kinect™ can detect 
and track hands as well as face of the user depending on the task to be executed while 
the cognitive rehabilitation process. However, for each purpose, the location must be 
different unless two different Kinect™ are used in the same set up. This means that at 
least three USB ports are needed properly communicate all the monitoring devices at 
the same time. 
 
As tablet devices usually experiment some problems regarding the required number of 
USB ports or the necessity of a wired internet connexion for improving security, in 
order to that end an additional dock station found in the market [113] is also selected 
to provide a ready-to-use platform with all devices plugged in the dock as a main 
station where the user can easily connect her/his tablet and move freely around 
possible different scenarios. 
 

 

5.3. Description of the Software Architecture 
 
 The following Figure 35 shows the architecture of the current software 
implemented in the prototype: 
 

 

Figure 35. Software architecture of the prototype designed. 
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In Table 14, the functions of each module are described. They were programmed in 
Microsoft Visual Studio C# and the data base of the repository was created by using 
MSQL. 
 

Table 14. Functions of the software modules that compose the prototype. 

Module Functions 

Data link - Synchronization and fusion of data from monitoring devices. 

Mani central processor - Management and processing of the data. 
- Computing of the detection and tracking algorithms. 

DB Connect - Management of the connection and queries with local repository. 

Repository - Management and storage of video and essential relevant information 
about patient and execution of the task (hand coordinates, gestures 

recognised, etc.) thanks to monitoring devices. 
Configuration module - Configuration of local interface to visualize real-time execution. 

- Initial set up of the platform to check connection between devices. 
Intelligent algorithms 

(out of scope of this thesis) 
- Action prediction and error recognition for future development of 

feedback cues to inform the patient in real-time during task 
performance. 

 
As indicated in the table, a module with possible algorithms for action and error 
recognition is included although not related to the contributions of this thesis in order 
to highlight and emphasize the importance of the whole architecture which makes a 
step forward to achieve a complete automatic system to provide cognitive 
rehabilitation without the help of caregivers. 
 
5.4. Evaluation of Interconnectivity between Devices 
 
 This section presents the results of the technical tests performed to evaluate the 
reliability of the connections between the main components of the prototype, the 
monitoring devices and the monitor. In particular the quality of connection, the 
synchronization have been assessed. 
 

5.4.1. Kinect™ - Monitor in Hand Tracking 

 
The aim of this section is two-fold: checking if the relevant data is saved correctly and 
checking if the communication is dependant or not on the type of USB port since some 
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problems arise when connecting Kinect™ via USB 3.0 using Microsoft SDK instead of 
OpenNI libraries.  
 
The communication between the monitor and Kinect™ is established via USB wire. So, 
the evaluation is based on the verification whether the respective applications are 
connected properly with the device. This proper connection means that video and 
hands coordinates are saved in a corresponding "Recording Folder" created for data 
collection. 
 
Two validations have been conducted, one for each USB port, and they are focused on 
connecting Kinect™ several times and checking how many times the device has been 
or not functioning with the corresponding saving of the information provided by the 
device. 
 
Set Up for Experiment 
The set up used in the experiments is composed by the monitor and Kinect™.  The 
Operating System of the monitor runs under Windows 7 and the program used to 
establish the connection with Kinect™ is designed using Microsoft Visual Studio 2010. 
This program initially provides an interface in order to let the user visualize in real 
time the video streaming and the skeleton tracking with the detection of the joints and 
hands to be recorded.  
 
The drivers used for the communication with Kinect™ are those provided by the 
corresponding Microsoft SDK 1.6 which let the programmer develops software and 
functions in order to obtain data from both the RGB camera and IR. 
 
Experiment under USB 2.0 
In this first experiment, the application that connects with Kinect™ to start the 
detection and recording opened and closed 30 consecutive times and in all of them the 
device recorded correctly both colour video and coordinates from several joints of the 
user such us hands or wrists. 
 
So, by using USB port 2.0, a 100% of successful connections and recordings are 
obtained. 
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Experiment under USB 3.0 
Secondly, I cannot stand the same by using USB port 3.0 due to that Kinect™ has never 
recorded the necessary data in the computer.  
 
Meanwhile, there is no problem connection with USB ports when working with the 
algorithm designed by using the OpenNI libraries and with the new updated Microsoft 
SDK 1.7 version. 
 

5.4.2. Kinect™ - Monitor in Face Detection 

 
In this case, a proper connection means that the face is detected and tracking 
regarding the algorithm designed and detailed in chapter 4 and synchronised with 
Leap sensor. 
 
Kinect™ must detect the face of the user and store a .csv file which contains boolean 
information about if the tool is approached to the user's mouth or not after being 
grasped by the hand.   
 
The following Table 15 shows the results obtained from the experiment carried out by 
using a C# program created in Microsoft Visual Studio 2013. The experiment was 
focused on selecting different users in order to check the robustness of the detection 
depending on different kinds of faces. For each user, the program was executed after 
sitting on a chair in front of Kinect™, to test:  
 Connection of Kinect™. 
 Detection of the face. 
 Time interval between device connection and face detection. 
 The existence of a file recorded. Moreover, for each user several trials have 

been done varying the distance to Kinect™ in order to, at the same time, assess 
how dependant is the application on the distance between the sensor and faces.
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Table 15. Test on performance of Kinect™ in communication with Monitor for face tracking. 

 
 
From the table, it can be derived that: 
 For each test, Kinect™ was properly connected to and detected by the monitor.  
 During all the trials, Kinect™ detected the face of all the different users, so 

there is no dependence on the variability of the user. 
 The corresponding .csv file was also stored after each session. 
 The detection of the face improves with the distance. So, the farther the user is 

located from Kinect™, the fastest the detection is. The following table shows 
average, maximum and minimum values of time needed for detection for each 
distance: 
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Table 16. Relation between time needed for face detection after connection and distance 
Kinect™-user. 

 Minimum (s) Average (s) Maximum (s) 

1 m 6 24.08 64.9 

1.5 m 1.3 1.66 3.7 

2 m 1.2 1.28 1.33 

 
The performance of Kinect™ for face detection and tracking improves with distances 
higher than 1.5 m from the user, in which upper half-body is also properly in sight of 
view of the camera sensor.  
 

5.4.3. Leap Motion - Monitor in Gesture Recognition 

 
As already indicated, Leap Motion sensor is plugged into the monitor via USB wire. In 
this case, the tests done with this new device are focused on the assessment of:   
 Initial connection. 
 Hand detection. 
 Tool detection. 
 Recognition of the grasp action.   

 
For that purpose, different users were also selected who had to approach one of their 
hands to the tool and grasp it, once the program is started. Leap Motion sensor and 
tool were located as required for this task. 
 
The detection of the hands (if they are detected) is instantaneous as far as they are in 
line of sight from Leap Motion, so there is no need to measure time delays. The 
program used for testing is the same as used for Kinect™, designed in C# by using 
Microsoft Visual Studio 2013.  
 
The experiment was performed in a controlled area using an acrylic layer to place the 
tool in the field of view of the Leap Motion. In Figure 36, set up of the experiment can 
be observed. 
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Figure 36. Experimental set up for hand gesture and grasp detection with Leap Motion sensor. 

 
The following Table 17 represents the results of the tests conducted to test the 
connection reliability and the latency (expressed in s) of the event detection. 
 

Table 17. Test on performance of Leap Motion sensor in communication with the monitor. 

 Device 
connection (s) 

Hand detection 
(s) 

Tool detection 
(s) 

Grasp 
recognition (s) 

User 1 Trial 1 0 0.199 5.685 6.402 

Trial 2 0 0.032 0.0032 5.043 

User 2 Trial 1 0 0.203 0.25 4.509 

Trial 2 0 0.103 0.453 4.889 

User 3 Trial 1 0 0.045 0.23 9.342 

Trial 2 0 0.034 0.047 9.841 

User 4 Trial 1 0 0.54 0.67 6.517 

Trial 2 0 0.432 0.607 4.753 

 
As indicated in the table, the only event that last more time in being recognised is the 
recognition of grasping the tool and this varies from each of the participants. The 
other types of detection are achieved almost instantaneous. 
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5.5. Discussion 
 
 A simple test bed composed by a table with some common-use objects, a 
monitor, KinectTM. Leap Motion sensor and specific image processing software, has 
been used for the integration and technical evaluation of the developments carried out 
in the thesis during the simulation of some handmade tasks.  
 
The current set up used in terms of IR and vision-based sensors and software is 
reliable and adequate to be used for the purpose. 
 
The technical evaluation of the intercommunication has been planned to ensure the 
technical aspects and issues of the prototype have been addressed effectively.  
 
The functional tests carried out on the integrated prototype demonstrated good results 
for a technical evaluation. In particular, these tests have been designed for evaluating 
the correct functionality of the overall system. The experiments have been created 
beforehand, defining, for each experiment, a list of actions and the expected 
corresponding results. Steps have been considered as “passed” only if during the 
execution of experiments the expected results match with the feedback given by the 
system. 
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Chapter 6 

 

Application to Cognitive Rehabilitation of 
Activities of Daily Living: Preparation of Hot 
Drink and Toothbrushing 

 

 

 

 
 After describing the experimental prototype designed for the 
integration and technical evaluation of the hardware components 
and software developed, this chapter describes its inclusion in a 
more complete platform in order to analyse its level of usability for 
the purpose of the cognitive rehabilitation in two main daily 
activities such as preparation of a hot drink and toothbrushing. A 
detailed description and analysis of the interaction with real AADS 
patients is presented. Moreover, the case studies for the home and 
hospital installation of the system are also treated with the opinion 
and help of real stroke patients and carers. 
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6.1. Description of the Extended Platform 
  
 The prototype designed and described in Chapter 5 has been, meanwhile, 
integrated in a more complex set up with the final addition of those algorithms for 
action and error recognition which use the data provided by the approaches designed 
and detailed in Chapter 3 and Chapter 4. 
 
The addition of these algorithms has additionally allowed the design and 
implementation of a personalized application to inform the user about the actions and 
errors recognized by the algorithms with the objective of avoiding risky situations and 
make aware the future patients of the errors committed as well as how to proceed. The 
way the user is informed is through different kind of multimodal cues such as videos, 
still images, or even auditory messages displayed on the monitor (tablet). The main 
idea is not to guide the patient in the execution of the task but just in those cases when 
there are errors (as described in Chapter 2), inform him/her about that. Only by this 
way, a proper cognitive rehabilitation is achieved. It allows to make patients 
understand and learn the correct steps to achieve the completion of the activity. 
 
Anyway, the development of the algorithms for error recognition and the multimodal 
feedback architecture is not within the objectives of this thesis but a brief reference to 
them was considered necessary to highlight that the research and developments 
carried out in the thesis as well as the simple prototype designed have turned out to be 
essential and strong contributions to a more general set up which has been installed in 
different environments such as hospitals and other collaborative universities, as 
indicated in Chapter 1, to provide a real automatic system for cognitive rehabilitation 
of AADS patients also already introduced in Chapter 2. 
 
The analysis of usability and case studies are based on the real execution of two daily 
tasks: preparation of a hot drink such as tea and toothbrushing, already simulated in 
the previous chapter. A table is used as the workspace which includes the objects the 
patient interacts with, according to the task.  
 
With respect to the tea preparation (Figure 37), the table has been prepared with all 
the objects needed in a kitchen table to perform the task. Thereafter, various tools have 
been placed on it such as: 
 A mug for tea. 
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 A tea spoon.  
 A sugar bowl.  
 A box containing tea bags.  
 A box to throw out the used tea bags.  
 A water jug. 
 A kettle, placed on a base kettle connected to the current.  
 A milk jug.  

 
Moreover, a touch screen PC has been placed close to the participant in order to allow 
the interaction with the system. 
 
Regarding the toothbrushing task (Figure 41), the table has been prepared with the 
following tools:  
 A toothbrush. 
 A mug. 
 A toothpaste. 
 A water jug. 
 A washbowl. 
 A paper tissue to dry the mouth.  

 
Using these tools, the patient must execute the different tasks, as explained in the next 
section, while one supervisor is in charge of interaction with the user through an 
additional remote interface. In the meantime, at least another evaluator has to follow 
the entire trials sessions in order to acquire any necessary outputs. All the information 
related to the experiment is recorded. 
 
6.2. Analysis of the Usability and Efficieny of the Prototype 
 
 This section aims to compare the application of the prototype with a “do-it-
yourself” recipe type of system during the task of making a cup of tea and 
toothbrushing. Effects during the application of the intervention as well as immediate 
effects after application were tested in several stroke patients with a cross-over design. 
The experiments and results presented here are carried out and obtained in 
collaboration with the Technische Universität München (TUM). 
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6.2.1. Support in Preparation of a Hot Drink 

 
The objectives of the experiment related to four key research questions:  

1) Can the prototype, as an automatized system, enable patients to successfully 
prepare the requested cup of tea?  

2) Can a simple recipe system, enable patients to successfully prepare the 
requested cup of tea?  

3) Are there significant differences between the application of the prototype and a 
recipe type system?  

4) Are there any immediate effects (follow-up) after either session? 
 
Included in this study were 21 patients with left and right brain damage (LBD and 
RBD) in the later stages of their course of disease (Phase C & D according to German 
classification of stroke severity). All patients performed apraxia and/or AADL-related 
errors during their tea-making performance.  
 
Set up 
All testing was completed while patients sat at a table (120 x 60 cm) with a suitable 
height for wheel-chair users. Figure 37 displays the general test setup besides the 
patient’s monitor, which is only used in the Prototype condition. The setup contained 
all of the items required for completing the four different tea-making tasks. The table 
size and positioning of objects provided access to all ingredients even for patients with 
hemiparesis, who could only use one arm. 
 

 

Figure 37. Test setup for tea-making.  
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Description of the Task 
In each of two tested conditions, “Prototype” and “Tea-Book” (book-based execution of 
the task), the patients were requested to make four different types of tea; Tea 1 – Tea 
without ingredient, Tea 2 – Tea with sugar, Tea 3 – Tea with milk, Tea 4 – Tea with 
milk and sugar. All tasks were presented in a randomised order. Both sessions included 
a Baseline and Follow-up tea-making task that occurred at the start and the end of 
each session respectively. The tea with the most ingredients was selected (Tea 4 – Tea 
with milk and sugar) for the baseline and follow-up tasks. After completing the first 
session, which involved one of the two possible conditions, patients were rescheduled 
for a second session 2-6 days later and completed the other condition. Figure 38 
shows an overview of the experimental design. 
 

 

Figure 38. Experimental design of the experiment for tea preparation. 
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On the one hand, during the Prototype session, all patients prepared all four different 
cups of tea in a random order. Assistance in the form of error-based cues was 
provided by the system during the session as required. This means that cues were 
provided by the system only when patients forgot the next step of the task or produced 
an error. The cues consisted of still images of every sub-step that was required for the 
completion of each of the four tea-making tasks. For example, one of the cues 
displayed a picture of a person pouring water from the jug in to the kettle. If any cues 
were required they were displayed on the tablet computer in front of the patient. The 
caregiver provided no feedback to the patient. 
 
On the other hand, the second test consisted of a recipe style condition ("Tea-Books"). 
These Tea-Books were given to patients as a supportive device while again they 
prepared all four cups of tea in a random order. For each of the four tea-making tasks 
a separate Tea-Book, including each sub-step that was required for the completion of 
the relevant tea-making task, was handed out to the patients (see Figure 39). The 
books included the identical visual cues from the Prototype in the correct order. 
Instead of being provided if needed those cues had to be used by patients actively. This 
means that instead of getting a cue when needed (as with the Prototype), the patients 
had to check the book themselves and manually look for the next correct step. As 
many patients use books with pictures in therapy (e.g. aphasic patients for 
communication), it can be assumed that they are comfortable and used to this form of 
cueing information. In addition to this, the layout of the Tea-Books was similar to 
what was displayed on the prototype interface. 
 

 

Figure 39. Tea-Book for each type of tea. 
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This condition can be seen as a simple ‘’do-it-yourself’’ recipe version of the Prototype. 
All patients were told about the content of the books. They could use them to go 
through the task step by step or look up single sub-steps if they wanted to. The 
caregiver provided no further help. Identical to the Prototype condition, all sessions 
were videotaped for later analysis. 
 

Analysis of Results 
The tea data was analysed using several McNemar tests [114] in order to assess if there 
were any differences between the six trials (Baseline, Follow-up and Tea 1-4). These 
tests were carried out on each of the two conditions (Prototype and Tea-Book) while 
comparing each of the six trials against each other. The error data was analysed using 
several paired t-tests in order to assess differences in the average number of errors 
produced in each of the six trials. Similar to the McNemar tests, these paired t-tests 
compared each of the six trials against each other for both conditions. 
 
The descriptive statistics for the number of successful teas made by patients in the 
Prototype condition indicated an improvement during the tea-making trials (Tea 1-4) 
compared to Baseline and Follow-up. The percentage of successful teas made by 
patients in the Prototype condition was 29% at Baseline, 90% for Tea 1, 90% for Tea 2, 
90% for Tea 3, 95% for Tea 4 and 48% at Follow-up. The results found no significant 
difference between Baseline and Follow-up (p = 0.22). The results relating to 
differences between Baseline and the tea-making trials indicated that all of four of the 
tea-making trials produced significantly more successful teas compared with Baseline 
(p < 0.01). Essentially the same results were found when Follow-up results were 
compared with the tea-making trials using the McNemar tests (p < 0.05). 
 
In contrast with the Prototype results, the descriptive statistics for the number of 
successful teas made by patients in the Tea-Book condition indicated no improvements 
during the tea-making trials (Tea 1-4) compared to Baseline and Follow-up. The 
percentage of successful teas made by patients in the Tea-Book condition was 29% at 
Baseline, 38% for Tea 1, 38% for Tea 2, 24% for Tea 3, 29% for Tea 4 and 19% at 
Follow-up. The results from the McNemar tests found no significant difference 
between Baseline and Follow-up (p > 0.05). The results relating to differences 
between Baseline and the tea-making trials indicated that all of four of the tea-making 
trials were not significantly different than Baseline (p > 0.05). 
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Similarly, there were no significant findings when Follow-up results were compared 
with the tea-making trials using the McNemar tests (p > 0.05). Additional 
comparisons were made between the six trials from the Tea-Book condition and their 
respective trials in the Prototype Condition. The McNemar test results indicated no 
significant difference between both conditions at Baseline (p = 1.00). At Follow-up the 
Prototype condition had significantly more successful teas when compared with the 
Tea- Book condition (p = 0.00). Importantly, all four tea-making trials in the Prototype 
condition produced significantly higher levels of successful teas than their respective 
tea-making trials in the Tea-Book condition (p < 0.01). Figure 40 displays the 
successful tea data for each patient across all of the trials for each condition.  
 

 

Figure 40. Number of successful teas completed in each condition across all trials. 

 
6.2.2. Support in Toothbrushing 

 
This trial examined the performance of the prototype in facilitating tooth brushing in 
patients with apraxia following stroke. To achieve these goal patients participated in a 
single session comprising three tooth brushing trials, whilst a clinician inputted the 
order of completed steps. Patient performance was recorded so that the sequence of 
steps could be used to redefine a task model rather than to improve patient 
performance, per se. The patient was made aware of this at the start of each session 
and the clinician also made notes during the trials concerning the performance of the 
system.  
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The present study would provide the basis for prospective trials investigating the 
efficacy of the prototype in the rehabilitation of tooth brushing using action 
recognition in a larger sample of patients. 
 
Set up 
The set up used for this new experiment is shown in Figure 41: 
 

 

Figure 41. Test setup for toothbrushing. 

 
Description of the Task 
At the start of the session patients were told the steps necessary to successfully 
complete the task and instructed how to interact with the user interface and prototype. 
The required steps were (letters correspond to Figure 41):  

1) Select tooth brushing on the user interface (A) and press ‘Start’ button to lunch 
the software for monitoring and feedback.  

2) Add water from jug (D) to glass (B).  
3) Wet toothbrush (C) using water in glass (optional step).  
4) Add toothpaste (E) to brush.  
5) Brush teeth.  
6) Brush tongue (optional step).  
7) Rinse mouth using water in glass.  
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8) Spit into bowl (G).  
9) Wipe lips and mouth using paper towel (H).  

10)  Clean brush using water in glass.  
11)  Empty water from glass into bowl.  
12)  Press ‘Finish’ on the user interface.  

 
Patients were instructed to brush their teeth/tongue for as long as they normally would 
at home. Each patient completed three tooth brushing trials. The bowl, glass and 
toothbrush were rinsed between trials and fresh water was added to the water jug. 
 
Analysis of Results 
5 patients completed the task. The trials were recorded for offline scoring. The 
sequence of steps and errors made for each patient are reported in Table 18.  
 
Table 18. Sequence of steps for each patient. Steps in red were cued when the patient pressed 

‘Finish’ button. 

 Add 
water 

Add 
toothpaste 

Wet 
brush 

Brush 
teeth 

Rinse Spit Clean 
brush 

Wipe 
mouth 

Empty 
glass 

Patient 
1 

Trial 
1 

1 3 2 4 5 6 8 7 9 

Trial 
2 

1/8 3 2 4 5 6 9 7/10 11 

Trial 
3 

1 2  3 4 5 7 6/9 8 

Patient 
2 

Trial 
1 

1 2 3 4 7 5/8 6 9/11 10 

Trial 
2 

1 2 3 4 7 5/9 6 8 10 

Trial 
3 

1 2 3 4/7 10 5/8/11 6 9/12/14 13 
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The errors made by Patient 1 were:  
 Trial 1: omission: 1) Clean brush, 2) Empty glass into bowl.  
 Trial 2: omission: 1) Empty glass into bowl.  
 Trial 3: nil.  

 
The errors made by Patient 3 were:  
 Trial 1: omission: 1) Wipe mouth.  
 Trial 2: omission: 1) Empty glass into bowl. 
 Trial 3: omission: 1) Wipe mouth 2) Empty glass into bowl. 

 

Meanwhile, Patient 2, 4 and 5 did not commit any error. 

Patient 
3 

Trial 
1 

1 2  3 4 5 6 8 7 

Trial 
2 

3 1  2 4/7 5/8 6 9 10 

Trial 
3 

1 2  3 5 4 6 7 8 

Patient 
4 

Trial 
1 

1 2 3/5/ 

7/10 

4/6/9 12/14 8/11/ 

13/15 

16 18 17 

Trial 
2 

1 2  3 6/8 5/7/9 4 11 10 

Trial 
3 

1 2  3 6/8/11 5/7/ 

10/13 

4/9 14 12 

Patient 
5 

Trial 
1 

1 2  3 7 4/8 5 6/9 10 

Trial 
2 

1 2  3 6 4/7 5 8 9 

Trial 
3 

1 2  3 6 4/7 5 8 9 
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Figure 42 displays the total time taken by each patient to complete the trials. Figure 43 
displays the time spent by each patient brushing their teeth across the three trials. This 
was from the point at which the toothbrush entered the mouth until the toothbrush 
exited the mouth. Where the patient stopped brushing, wetted the brush or spat into 
the bowl before continuing brushing (e.g. patient 4, trial 1), brushing time reflects the 
sum total of the time the brush was in the mouth. 
 

 

Figure 42. Total time taken by each patient to complete the three tooth brushing trials. 
 

 

Figure 43. Time spent brushing teeth for each patient across the five trials. 
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Regarding the patient feedback, the user interface was clear and easy to use. Patients 
would use the system in their own home. The patients stated that they did not know 
how long to brush their teeth for despite explicit instruction to brush for as long as 
they would do at home (as shown by short brushing times displayed in Figure 43).  
 
6.3. Case Studies of Hospital and Home Installation 

 
 The installation of the overall system in different stroke units at hospitals from 
England has been tested with the great help of the University of Birmingham (UoB), 
where the system was successfully installed in the rehabilitation rooms. 
 

6.3.1. Performance at Moseley Hall Hospital 

 
On the one hand, the system has been set up in the rehabilitation kitchen of two 
different wards at Moseley Hall Hospital (MHH) located in Birmingham (England) 
(Figure 44). Two visits were organized and the installation involved taking the 
prototype into the occupational therapy department and conducting some training 
sessions with in-patients and occupational therapists focused on the explanation of 
the general functioning of each of the components and sensors. During each session 
different in-patients were asked to complete one cup of tea without the system 
assistance, and after that, more than 5 trials with the help of the prototype, after this 
they then completed one tea without the system again to assess any improvements. 
 

 

Figure 44. a) Moseley Hall Hosptial Ward 8 setup (2nd visit). b) Moseley Hall Hospital Ward 9 
setup. 
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During visit one (16th-18th September 2014) to MHH, there was the possibility of 
completing this protocol with four in-patients. The clinical team selected the stroke 
survivors who participated in the trials, based on evidence of action disorganization 
and apraxia symptoms, both associated with ADL impairments. The sample included 
range of severities, with some stroke survivors managing to complete only 1-2 steps 
correctly. These stroke survivors benefited greatly from the ability to imitate the video 
cue, which could be presented repeatedly. Other stroke survivors could complete most 
steps independently, but needed reminded prompts to avoid omissions. Improvement 
in number of successful steps completed was observed in some stroke survivors, even 
following this limited exposure.  
 
During the second visit to MHH (6th February 2015), one of the challenges faced was 
willingness of in-patients to take part in the protocol and use the system. 
Unfortunately, no in-patients wanted to participate in rehabilitation sessions so there 
was no possibility to test the system again.  
 
But in general terms, from the experience of implementing the system within this 
hospital and rehabilitation setting, the platform was quite easily set-up. 
 

6.3.2. Performance at Wolverhampton West Park Hospital 

 
West Park Hospital (WWP), located in Wolverhampton (England) was also visited on 
two occasions using the same protocol as that described above for MHH. During the 
first visit to WWP (29th September -2nd October 2014) the protocol was completed 
with two in-patients and one out-patient. Again, the patients ranged in severity and 
were selected by the clinician. Improvement in number of successful steps completed 
was observed in some stroke survivors, even following limited exposure. During the 
second visit to WWP (20th February 2015), an additional in-patient was tested.  
 
Altogether more than eight patients used the system in sessions which lasted more 
than 1 hour. Both the occupational therapist (OT) and patients commented on the ease 
of use of the system, and expressed interest in using it in the future. Specifically, OT’s 
mentioned the usability of structured training and assessment procedure that the 
system provided.  
 
It is important to note that in reference to the second visits made to both of these 
departments, an improved platform with the inclusion of a more comprehensive 
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personalization of cues for the patients and improved interfaces (GUI) was installed 
but its description. 
 

6.3.3. Towards a Home-based Cognitive Rehabilitation 

 
KRS is a 25-year-old lady who sustained a head injury on 26th January 2011 after 
falling backwards and hitting her head while at work. At the time of the accident she 
reports she did not lose consciousness, but went to bed as she felt unwell. She slept for 
a number of hours before her colleagues called an ambulance when they had 
difficulties rousing her. She was taken to Worcestershire Royal Hospital in Worcester 
(England) that evening. KRS has a past history of Asperger’s syndrome.  
 
Since the accident, KRS has been wheelchair dependent, she lives in a housing 
association ground floor flat and has epilepsy. She currently has support from a care 
agency seven days a week with calls Monday-Friday being 3 times a day to help with 
personal care and meal preparation and at weekend twice a day. She also has a buddy 
who sees her twice a week to help with shopping and engaging out in the community. 
 
KRS agreed for the system to come out to her home environment, the system was 
bought on a similar set up to that of the hospital trials (it was not set up on KRS’s work 
surfaces within the kitchen area).  
 
The system was demonstrated to KRS however due to her apraxia it took at least six to 
seven attempts before KRS was successful in making a hot drink. She required several 
prompts along the way for miss use of objects, difficulties with co-ordination when 
pouring the kettle. She found the small clips and visual prompts useful. The trial on 
four attempts had to be stopped and the OT had to pantomime the actions for KRS to 
be able to copy.  
 
KRS struggled in producing the correct actions with the objects placed in front of her 
in order to make a cup of tea. KRS appropriately used the cues in the prototype in 
order to direct herself to adapt her production of the action from being incorrect to 
correct. In doing this she studied the cues until she felt like she had mirrored what she 
had seen in the video cues. KRS then went on to successfully make a cup of tea 
independent of OT assistance, by using the video cues to assist her in the actions she 
had previously struggled with.  
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Feedback from KRS was that she feels the system is good in the way it prompts. 
Recently, KRS has started to use a hot water dispenser due to her physical difficulties in 
safely lifting a kettle, therefore she felt that it would be good if the platform designed 
could be adapted to take into account more equipment that individuals may currently 
use daily. KRS would definitely consider using a system such as the presented in this 
thesis to improve her independence in day to day activities especially as it would 
possibly reduce the amount of support. 

 
6.4. Discussion 
 
 The primary focus of this chapter was to assess the effectiveness of the 
prototype as both a support and rehabilitation tool for patients during different daily 
tasks such as tea-making and toothbrushing. The results from the successful number 
of teas made indicated that when patients had the support of the system they were 
significantly more likely to successfully complete the task when compared with a 
Baseline. This result shows that the prototype defined in the previous chapter and 
included in a more complex set up provided the appropriate help in order to guide the 
patients through the multi-step task of tea-making. The error data also partially 
supported these findings. Even though the four tea-making conditions were not 
significantly different from the Baseline, the system was still able to successfully guide 
patients through the multi-step tasks and reach a successful outcome.  
 
Regarding testing for toothbrushing, valuable data was gained that revealed the 
sequence of steps completed by apraxic patients when brushing their teeth. Omission 
errors were by far the most common, for instance, patients often forgot to empty the 
glass, clean the brush or wipe their mouth at the end of the trial. These steps were 
completed when cued by the system after the patient had attempted to finish the trial. 
 
Due to the nature of AADS patients, they often forget the correct next step in a multi-
step task or perform errors (i.e. the wrong step or action). The prototype directly 
addresses these difficulties by removing the amount of cognitive load placed on the 
patients. Therefore, patients simply perform the task to the best of their ability and the 
system provides support, in the form of visual cues, only when it is required. Once a 
patient stops performing any actions (i.e. they forget the next correct step) or they 
perform an error the system automatically detects these problems and displays a cue 
that will guide the patient towards successfully completing the task.  
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Feedback on the system was very positive. All patients recognized the value of the 
system and stated that they would use the system in their own home. Furthermore, 
insightful feedback was provided on ways to improve the system.  
 
This flexibility of the system is vital for its success in the home-based setting by 
ensuring that it can adapt the level of support provided depending on the ability of 
patients. This adaptability of the system is evident in the results of individual patients. 
 

 

 

 

 

  



 

 
 



Chapter 7. Conclusions 

- 103 - 

 

Chapter 7 

 

Conclusions 
 
 This thesis has presented the research and developments achieved in order to 
provide a step forward in human monitoring mainly in terms of detection, tracking 
and recognition of hand movements, specific grasp gestures and face via a non-
invasive way to improve and fill in the gaps current technology presents in the field of 
cognitive rehabilitation during common daily tasks. 
 
Through the initial chapters of this document, the importance of developing an 
approach to obtain robust, reliable and continuous human behaviour data during the 
execution of handmade tasks for further analysis and deep research in cognitive 
diseases has been shown. Moreover, this data are useful to be used in real time as an 
input to error recognition algorithms, to contribute to the design of an automatic 
system to inform the user/patient about the errors committed and how to correct them 
through multimodal feedback (videos, still images, messages) without the help of any 
therapists in the corresponding rehabilitation sessions.  
 
On the one hand, a different approach for the capture of hands kinematics over a table 
surface during handmade tasks such as preparing drinks has been developed and 
detailed. The quality of the data obtained is enough to characterize the behavior of the 
patient during the execution of daily tasks. The experiments carried out to assess the 
performance have mainly shown that it is possible to provide reliable and continuous 
data of hands position without dependences on shape/skin color feature of the user's 
hands. This makes the usage of the solution applicable to any population. 
 
On the other hand, as expected an adequate combination of different IR vision-based 
sensors has turned out to be suitable and able to recognize simple and representative 
actions mainly in a grooming task without the help of additional markers. A non-
invasive solution is presented synchronizing both sensors to detect and recognize 
grasp of cylindrical tools such as a brush as well as specific actions related to 
approach to mouth simulating a daily task of toothbrushing. The accuracy of the 
sensors and its ease of installation make easier the integration on a platform that 
ensure the possibility of installation at hospitals and even patient's home.  
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Additionally, a preliminary short evaluation to introduce the field of facial expressions 
to analyze mood and level of stress during the execution of the task has been made. In 
this case, different tests carried out with some volunteers have demonstrated some 
limitations. The facial expression recognition stage presents a low success rate in 
recognizing expressions.  

 
Meanwhile, all the corresponding hardware and software developed in the thesis have 
been integrated in a simple prototype with the purpose of being used as a platform for 
monitoring the execution of the rehabilitation task. This platform is reliable and 
adequate to be used for acquiring real time behavior data during the execution of 
daily activities for cognitive rehabilitation. 
 
The experiments have demonstrated very good results in terms of functionality of the 
overall system and communication between devices. The results of the tests for 
technical and performance evaluation have shown that all components work properly, 
according to the specifications and main objectives of the contributions.  
 
Finally, a healthcare evaluation has been made in collaboration with the University of 
Birmingham (UOB) and Technische Universität München (TUM). 
 
The experiments and patient feedback have shown that the prototype is well received 
by users and carers and is seen to have strong future prospects. The system has also 
been demonstrated, talked about and interacted with by a large population of 
occupational therapists (OT) and experts in the field over the many events and visits 
held during the course of the thesis. For example, it can be estimated that 
approximately two hundred and fifty of OT are now familiar with this approach and 
the response has been, almost without exception, extremely positive with regard to 
both the need and usefulness of the system they have seen.  
 
The more academic assessments of efficacy carried out have clearly shown that the 
users are more likely to complete the task, make fewer errors when doing so, are 
capable of being prompted ‘back on track’ and retain the knowledge they have gained 
after the training has ended. 
 
The therapists were concerned regarding how compatible this system would be with 
current restrictions on data protection at hospitals taking into account the information 
stored about patients, videos, etc. by using the extended platform. In terms of task 
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preference, a high percentage of users still feel that it is important for them to be 
independent in personal care, where carers and therapists still feel that kitchen tasks 
are where the focus for independence should be.  
 
To sum up, it can be derived that the hypothesis considered at the beginning of the 
thesis have been validated. Both the therapist and users felt that this approach is 
excellent to be included as a rehabilitation tool even within the hospital setting where 
at times therapists do feel pressured in terms of time available to spend practicing 
activities with users; as well as users having the ability to familiarize with the platform 
within a safe and supported environment before transferring it into the home.  

 
7.1. Future Works 

 
 The achievements presented in this thesis turn out to be a step forward to 

change and improve the way of monitoring patients in cognitive rehabilitation. The 
importance of providing a non-invasive solution that contributes to built a platform to 
supervise and obtain real time data of the behavior and execution of the activity 
during the rehabilitation sessions is clear and I hope this work will motivate future 
research and effort in order to make the way of living of stroke patients better and 
change the cognitive rehabilitation techniques. 

 
The work carried out during this researching period of time could be also applicable 
to other kinds of patients not only those who suffer from Apraxia and Action 
Disorganisation Syndrome (AADS). Any patients who suffer cognitive impairments 
and loss of memory due to car accidents, or simply because of the effects of age, may 
get benefits from the approaches presented. 
 
Preparing a simple hot drink, such as tea, and toothbrushing have been only a 
representative activities of the common daily living. Future research should focus on 
more complex activities such as preparing food or even dressing. In this case, the 
tracking of the body elements (hands, head, etc.) would be a challenge since more 
limitations would have to bear in mind in terms of occlusions and what specific events 
and movements should be detected. 
 
Meanwhile, redundant information about the manipulation of objects could be 
obtained thanks to possible additional sensors located in the objects in order to provide 
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more precise data related to their movements and location. This would also allow the 
continuous acquisition of data while, for example, brushing teeth when the tip of the 
brush is occluded by the mouth.  
 
Finally, a great effort should be done to study the introduction in the market of the 
concept of home-based cognitive rehabilitation by the installation of the components, 
or at least equivalent ones, at patients' home to improve their daily living, 
independency and make them to consider the cognitive rehabilitation process as a one 
more routine in a familiar environment. This would discharge them of going to the 
hospital or the corresponding rehabilitation centre and decrease the workload of the 
carers.  
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Appendix B 

 

Kinect™ Components and Features 
 
 KinectTM (Figure 45) provides a RGB camera, a depth sensor, a multi-array 
microphone and an infrared projector which allow: 
 Full-body 3D motion capture. 
 Facial recognition. 
 Voice recognition. 

 

 

Figure 45. (a) A photo showing all the different parts of the sensor, external view of the 3D 
depth sensors, RGB camera, multi-array microphone, and a motorized tilt taken at Microsoft's 

E3 2010. (b) Internal view of the device from [115]. 

 
The RGB camera is used for getting a colour image of the workplace and the infrared 
to obtain information about the depth of the different elements involved in the task.  
 
The method of determining 3D position for a given object or hand in the scene is 
described by the inventors as a triangulation process [116]. Essentially, a single 
infrared beam is split by refraction after exiting a carefully developed lens. This 
refraction creates a point cloud on an object that is then transmitted back to a receiver 
on the assembly.  
 
Using complex built-in firmware, KinectTM can determine the three-dimensional 
position of objects and hands in its line-of-sight by this process. The main advantage 
of this assembly is that it allows 3D registration without a complex set-up of multiple 



Appendix B. Kinect™ Components and Features 

- 112 - 

 

cameras and at a much lower cost than traditional motion labs and robotic vision 
apparatuses. Table 19 provides the relevant information about KinectTM features. 

Table 19. Kinect™ principal features for capturing image video and motion. 

Sensor Item Specification Range 
Viewing angle 43° vertical by 57° horizontal field of view 

Mechanized vertical tilt ±28° 
Frame rate (depth and color stream) 30 frames per second (FPS) 

Resolution, depth stream QVGA (320 × 240) 
Resolution, color stream VGA (640 × 480) 
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Pixels to Spatial Coordinates Transformation 
 

 Figure 46 represents both reference systems, that used in the  processing 
software (X image, Y image, Z) and the final one used to provide hand position (X 
spatial, Y spatial, Z). 
 

 

Figure 46. Transformation between reference systems. 
 

The matrix formula used to implement the calibration with the implicit 
transformation between axes is: 
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Where: 

 fx and fy are the constant camera focal lengths in pixels. (focal lengths 
multiplied by a scale factor) 

 Cx and Cy are the constant optical centers expressed also in pixels. 

 Ximage and Yimage are the initial pixel coordinates obtained from the software. 

 Xspatial and Yspatial are the final spatial coordinates expressed in mm after 
calibration. 

 Z is the distance in mm between KinectTM and the hand. 

 
The values used for the constants are: 

 fx = 494.21 pix.  fy = 510.10 pix. 

 Cx = 339.31 pix.  Cy = 230.05 pix. 
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Leap Motion Sensor Main Features 
 
 Figure 47 shows an internal representation of Leap Motion components: 
 

 

Figure 47. Leap Motion Teardown. [117] 

 
Hand Tracking: 
 
First of all, regarding hand (and fingers) tracking, Figure 5 already showed a 
representation of those bones which can be also detected by the sensor in order to 
build the corresponding model for positioning. After creating the model, the sensor is 
able to make some kind of predictions to provide with the positions of those hands 
(and fingers) not in line of sight. One of the main advantages in the hand tracking is 
the continuity of the detection while hands are crossing over each other, as mentioned 
before in the document. 
 
Obviously, the sensor must see as much part of the hand as possible to make a good 
classification. 
 
For each hand detected, the following properties can be obtained [104]: 
 An estimation of the width of the forearm. 
 Measurement of the position of the elbow relative to the hand detected. 
 Measurement of the strength of the action when grasping or pinching. 
 Indication if it is a right or left hand. 
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 Position of the corresponding wrist. 
 

Meanwhile, each finger that belongs to the corresponding hand has also its own 
properties [104]: 
 A basic direction vector (from wrist to tip). 
 Position for the end and base of distal phalanx. 
 Position of the base of metacarpal bone. 
 Indication of pointing. 

 

Tool Detection: 

Meanwhile, the sensor also has the ability of classifying an object previously detected 
as a tool when it doesn't represent a finger. The tool must be cylindrical and its 
material must be detected by the IR cameras. 
 
In order to be able to detect the tool, several initial assumptions are considered: a tool 
is longer, thinner and straighter than a finger [118]. 
 
After detection, the following main properties can be also processed [118]: 
 Tip position and velocity. 
 Direction vector as provided for fingers. 
 Estimation of length. 
 Average width. 

 
Gestures Recognition: 
 
Finally, there are some patterns of motion which can be recognized by this device as 
gestures (Figure 48). Gestures may provide information about intentionality or level of 
confidence when executing tasks.  
 
This data may be useful when using the sensor for analyzing human hand attitude, 
especially, for rehabilitation techniques.  
 
Moreover, the level of abstraction is much higher when processing data related to 
continuous gestures tracking than just focusing on only fingers or tools [119]. 
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Figure 48. Gestures recognized by Leap Motion. a) Circling; b) Swiping; c) Key tapping and d) 
Screen tapping. [119] 

The simple movements which can be detected are:  
 Circle traced by a finger. 
 A linear motion of a finger ("Swipe"). 
 Horizontal tapping action by a finger ("Key Tap"). 
 Vertical tapping action by a finger ("Screen Tap").  

 
Regarding the first two gestures mentioned, the circle and swipe movement can be 
done by any finger or by using a tool. The gesture is considered as finished when the 
finger or tool used changes the speed (behaves slower) and/or starts to describe a  
different path from circling or swiping.   
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Appendix E 

 

Homogeneous Transformation Matrices 
between Kinect™ and Leap Motion 

 
Transformation of SK into SI:  
 
This transformation consists of a pure rotation around X axis of an angle β. Its 

corresponding matrix is: 
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Transformation of SI into SL:  
 
This transformation is composed of two movements: 
 Translation from the Kinect™'s coordinates origin to Leap Motion one. The 

distance is expressed in reference to SK:   sin,cos,0 00  ZY , where Yo is the 
distance between origins in Y axes (now parallel) and Zo is the corresponding 
distance in Z axes (now also coincident)So, the homogeneous transformation 
matrix corresponds to: 
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 Pure rotation to finally obtain the reference system SL. This rotation 
corresponds to 90º around Y axis:
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Finally, once all the matrices have been obtained, the final homogeneous 
transformation matrix is obtained by post-multiplying the previous ones since the 
transformations have been implemented in reference to mobile systems: 
                                                       

321 SSSS                                                                    (7) 
 
Inside the code programmed in C#, this multiplication is implemented in order to 
convert in real time the coordinates from Leap Motion sensor. 
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