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Jestis Gutiérrez — Fall detection system based on infrared images

Abstract

In a world whose population is becoming older and older the field of elderly care, already
very relevant, is expected to become extraordinary important. The resources and personnel
devoted to tasks in this field will exponentially grow during the next three decades, as the
number of people aged 65 and above will double during this period.

The sector has, so far, automated a very low number of tasks. However, a higher number
of them will need to be automated if universal elderly care at reasonable costs is desired. One
of the tasks candidate to this automation will be elderly surveillance and, within that field, fall
detection. This area has attracted a considerable amount of research interest over the last few
years. However, the disconnection between the communities of system researchers and users
has hampered the widespread use of this kind of systems.

This thesis encompasses the identification of real user’s needs and the design and
development of an innovative system adapted to them and their real needs. To do it a thorough
revision of all the research work in the field published from 2015 is carried out. This revision
identifies two major shortfalls; a deep disconnection between researchers and users and an
almost complete absence of real data to develop systems.

To address the first problem, a major study among users is carried out. This work, the
largest of its kind, identifies what are the real needs and perceptions of the different
communities integrated in the elderly care field. It sheds some light on this area and although
clearly suggests that human supervision is always preferred due to the added value it provides,
it also identifies the circumtances under which the users would accept the use of fall detection
systems.

Some of these situations are not covered by any of the already developed systems, as they
imply surveillance under no light conditions and the use of sensors carried by the monitored
person would not be a reasonable option. However, vision-based technology using far infrared
imagery (FIR) is ideal to address these particular circumstances.

This way, and in order to evaluate the most significant human pose estimation models
developed to process visual spectrum (RGB) imagery, a major dataset composed by far
infrared video clips of a number of volunteers executing different activities is compiled. This
dataset, called FIR-Human, also contains the annotations of joints positions, so model training
an evaluation becomes possible.

To address the second problem, the absence of real data and the generalization problem
associated to it, an alternative approach to automatic fall detection is proposed in this work.
Present vision-based fall detection systems are developed using datasets recorded by young
actors. Given the differences in the way young and old people move, the kinematic descriptors
used by these systems in order to assess fall, which are a generalization from descritpors used
for young people to old patients, could be inappropriate to determine whether a real fall has
taken place. Our system, which uses dynamic descriptors instead of kinematic ones,
approaches the human body in terms of balance and stability, thus, differences between real
and simulated falls become irrelevant, as all falls are a direct result of a failure in the
continuous effort of the body to keep balance, regardless of other considerations.

Then, the performances of a system, which integrates human pose estimation, based on far
infrared imagery and dynamic descriptors are evaluated using the FIR-Human dataset fall
section.
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Finally, a number of general conclusions are reached and some suggestions for further
research are suggested.

Resumen

En un mundo cuya poblacion estd envejeciendo cada vez mas, el campo del cuidado de las
personas mayores, que ya es muy relevante, se espera que se vuelva extraordinariamente
importante. Los recursos y el personal dedicado a tareas en este campo creceran de forma
exponencial durante las proximas tres décadas, ya que el nimero de personas mayores de 65
afios 0 mas se duplicaré durante este periodo.

Hasta ahora, el sector ha automatizado muy pocas tareas. Sin embargo, un mayor numero
de ellas necesitaran ser automatizadas si se desea un cuidado universal de personas mayores
a costos razonables. Una de las tareas candidatas para esta automatizacion sera la vigilancia
de personas mayores y, dentro de ese campo, la deteccion de caidas. Esta area ha atraido un
considerable interés de investigacion en los ultimos afios. Sin embargo, la desconexion entre
las comunidades de investigadores y usuarios ha dificultado el uso generalizado de este tipo
de sistemas.

Esta tesis abarca la identificacion de las necesidades reales de los usuarios y el disefio y
desarrollo de un sistema innovador adaptado a ellos y sus necesidades reales. Para hacerlo, se
lleva a cabo una revision exhaustiva de todos los trabajos de investigacién en el campo
publicados desde 2015. Esta revision identifica dos deficiencias principales: una profunda
desconexidn entre los investigadores y los usuarios, y una casi completa ausencia de datos
reales para desarrollar sistemas.

Para abordar el primer problema, se lleva a cabo un importante estudio entre los usuarios.
Este trabajo, el mas grande de su tipo, identifica cuales son las necesidades y percepciones
reales de las diferentes comunidades integradas en el campo del cuidado de personas mayores.
El estudio sugiere claramente que, aunque la supervision humana siempre es preferida debido
al valor afadido que proporciona el contacto humano, existen circunstancias en las que los
usuarios aceptarian el uso de sistemas de deteccion de caidas.

Algunas de estas situaciones no estdn cubiertas por ninguno de los sistemas ya
desarrollados, ya que estan asociados a entornos nocturnos no iluminados en los que el uso de
sensores adheridos al cuerpo no seria una opcion razonable. Sin embargo, la tecnologia basada
en imagenes de infrarrojo lejano (FIR) es ideal para abordar estos escenarios.

De esta manera, y con el fin de evaluar las prestaciones de los modelos mas significativos
de estimacidn de la postura humana desarrollados para procesar imagenes del espectro visible
(RGB) cuando trabajan con imagenes FIR, se compila una base de datos compuesta por clips
de video de infrarrojo lejano de varios voluntarios realizando diferentes actividades. Esta base
de datos, llamada FIR-Human, también contiene las anotaciones de las posiciones de las
articulaciones, lo que permite el entrenamiento y evaluacion de los modelos.

Para abordar la segunda cuestién, la falta de datos reales, y el problema de la generalizacion
asociado a ella, se propone en este trabajo un enfoque alternativo para la deteccion automatica
de caidas. Los sistemas actuales de deteccion de caidas basados en vision se desarrollan
utilizando bases de datos grabados por actores o voluntarios jovenes. Dadas las diferencias en
la forma en que se mueven las personas jovenes y mayores, los descriptores cinematicos
utilizados por estos sistemas para evaluar las caidas, que son una generalizacion de los
descriptores determinados para personas jovenes, podrian ser inapropiados para establecer si
ha ocurrido una caida real. Nuestro sistema, que utiliza descriptores dindmicos en lugar de

ii
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cinematicos, aborda el cuerpo humano en términos de equilibrio y estabilidad, por lo que las
diferencias entre caidas reales y simuladas se vuelven irrelevantes, ya que todas las caidas son
el resultado directo de un fallo en el esfuerzo continuo del cuerpo por mantener el equilibrio,
independientemente de otras consideraciones.

A continuacion, se evallan las prestaciones de un sistema que integra la estimacion de la
postura humana sobre imagen ifrarroja lejana y los descriptores dindmicos, utilizando para
ello el blogue de caidas de la base de datos FIR-Human.

Por altimo, se llega a una serie de conclusiones generales y se hacen algunas sugerencias
para futuras investigaciones.

iii
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RB - Rule based.

RBF-ANN Radial basis function - artificial neural network.
RBFNN - Radial basis function neural network.

RBPF - Rao—Blackwellized particle filter.

RBS - Rule-based systems.

ReNN-ANN - Recurrent neural network — artificial neural network.
RF - Random forest.

RFF - Right forefoot.

RGB - Red green blue.

RH - Right heel.

RNN - Recurrent neural networks.

RPCA - Robust principal component analysis.

SDK - Software development kit.

SE - Sensitivity.

SIFT - Scale invariant feature transform.

SOM-ANN - Self-organizing maps - artificial neural network.
SP - Specificity.

SRC - Sparse representations classification.

SSD - Single-shot detector.

SVDD - Support vector data description.

SVM - Support vector machine.

TN - True negative.

TP - True positive.

TPR - True positive ratio.

XCoM - Extrapolated center of mass over X axis.

YCoM - Extrapolated center of mass over Y axis.
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1 Introduction

The UN report on world population [1] estimates that the number of people over 60 doubled
its number in 2017 compared to 1980 and that number is expected to double again by 2050,
when it will hit the 2 billion mark. By that time, it will exceed the combined number of
teenagers and young adults with ages between 10 and 24.

Although the aging phenomenon is more intense in the developed world, it is actually a
global one, affecting the entire humankind. Under this perspective, the amount of resources
devoted to elderly care is expected to rise significantly in the years to come and, in a near
future, it will likely become a very relevant sector. For that reason, all the areas related to
elderly care have attracted a growing amount of interest over the last few years.

The sector of elderly care includes a number of areas that could accept automation,
contributing, this way, to cost reductions and better service provision. Two areas able to be
automated are stability assessment and fall detection. Those two areas are extraordinary
relevant for the aforementioned community because they contribute to fall prevention and
immediate reaction after fall, key areas for survival, as for this group, over 30% of falls have
important consequences, ranging from hip fractures to concussions and, a good number of
them, end up by causing death [2].

Both fall detection and fall prevention systems use an array of different technologies and,
in broad terms, they can be classified in four categories; inertial, radio-frequency, fusion and
context-based [3].

Inertial based systems include those ones whose sensors are carried by the monitored
person. They assess fall probability based on the information provided by accelerometer and
gyroscopic sensors. Leiros-Rodriguez et al. [4] thoroughly review the use of accelerometers
as a method of early diagnoses of balance alterations and, therefore, of fall prevention,
concluding that methods exploiting accelerometer signal analysis positively influence
interventions based on physical exercise, improving balance and preventing falls. On the other
hand, Ramachandran et al. [5] review recent advances in the use of accelerometer and
gyroscopic sensors and its applications in the field of fall detection.

Radio frequency-based systems include those ones using WiFi or radar signal analysis and
most of them are used for fall detection. Different authors [6]-[8], present systems able to
process radar signals, both continuous and pulsed, in order to detect human movement and
human fall. Other systems [9], [10], use WiFi frequency displacement as a result of human
movement to assess fall detection probability.

The fusion block groups all systems that use signals coming from different types of sensors
in order to improve performances. These systems are reviewed by Wang et al. [11],
concluding that sensor fusion is key to reach optimal performances, as alternative technologies
can cover the weak points of a specific one, getting, this way, more robust systems.

Finally, context-based systems include those ones whose sensors use pressure, acoustic,
infrared and vision information coming from sensors placed around the monitored person. All
systems included in this group have attracted research attention over the course of the last few
years as a consequence of the development of artificial neural networks (ANN), as they have
been used for signal processing in very different ways. Among all context-based systems, the
vision-based ones have a special relevance because of the introduction of artificial vision
techniques, which have experienced a major boost during the last decade. In [12], vison-
basedfall detection systems are extensively reviewed, concluding that, although their
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performances are highly satisfactory, the significant differences between simulated and real
falls, and between falls of elderly and young people, documented in [13], [14], as well as the
difficulty to access real-world data as a consequence of privacy protection, yield reasonable
doubts on the performance of these systems operating in the wild.

Inertial systems, together with context-based ones based on artificial vision techniques are
the two blocks of systems that have attracted higher research interest over the last few years.
Most of recent research papers of this area belong to one of those two sets of systems as the
state-of-the-art chapter will clearly show. In the same chapter, an extensive study regarding
all the other technologies is conducted, concluding that the low amount of research effort
devoted to their development place them in a position of lower maturity than inertial or
artificial vision-based systems. This reality, together with the fact that all commercial fall
detection systems are based either on inertial or vision-based technologies, seem to
recommend that, until further research proves that those alternative technologies are valid for
fall detection in the real world, new system developments should be based on inertial or
artificial vision techniques.

The state-of-the-artchapter also shows that, although inertial-based systems present a
number of advantages over vison-basedones, they require constantly carrying a sensor that
needs to have a functional battery at all times. Under certain circumstances, as the ones
identified in the user’s needs chapter, these requirements cannot be met and, in those cases,
vision-based systems should be considered the best option.

However, all reviewed vison-basedsystems in the state-of-the-artchapter show suboptimal
performances under poor illumination conditions as the ones associated to the user’s needs
presented in the systems requirements chapter. Additionally, today’s vison-basedfall detection
systems present two important problems, insufficient amount of human falls real world data
and privacy protection [12].

The hypothesis of this doctoral thesis is that an artificial vison-basedfall detection system
able to overcome these three problems can be implemented. This way, the user’s requirements
presented in the user’s needs chapter will be met.

The main contributions made to the state-of-the-artof vison-basedfall detection systems
during the development of the system are the following ones:

e An evaluation of performances of the most significant state-of-the-art two-
dimensional (2D) pose estimation architectures able to regress human pose from
imagery when the input images are not conventional but Far infrared (FIR). This
evaluation is presented in chapter 6.

e A neural network able to determine the projection on the horizontal plane of heels,
forefeet and body center of mass (COM) allowing a quick determination of stability
indexes and base of support. The theory behind the stability indexes and the design of
the network itself is fully described in chapter 7.

e AFIR video dataset made to train the two-dimensional neural network. This data set,
the only existing one labeling all human joints both in the 2D and three-dimensional
(3D) spaces, includes FIR videoclips and can be used to train human 2D and 3D pose
estimation neural networks. It will be released to the research community at the end
of the project under a Creative Commons Attribution-NonCommercial-ShareAlike 3.0
license. The potential audiences interested in this product include not only the
community of researchers of the field of human fall detection, but also other
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communities like the human activity recognition, the security and surveillance and the
autonomous driving ones.

e A FIR video fall dataset designed to validate the fall detection system. As in the
previous case, it is labeled in the 2D and 3D spaces. There is no other fall detection
dataset of its kind and will be released to the research community at the end of the
project under the same conditions. The potential audiences interested in this product
could include not only the community of researchers of the field of human fall
detection but also the human activity recognition one.

In addition, an extensive research to determine real user’s needs has been carried out. With
the exception of the articles by Thilo et al. [15] and Demiris et al. [16], where
recommendations to system developers are given, this is the first time such a research is made.

1.1 Motivation

The growing economic significance of the elderly care field invites us to think that certain
tasks could be automated reducing this way the burden on caregivers and therefore the cost-
of-service provision. Fall detection is one of the tasks suitable for this automation, as proper
technology to do it already exists.

Part of this thesis focuses on identifying what is the perception of the different communities
integrated in the elderly care field about automatic fall detection, identifying under what
circumstances the automation of this task is acceptable and what should be the requirements
a system devoted to this purpose must meet.

The study clearly determines when the use of automatic fall detection systems could be
accepted and under what circumstances they would be used. After a thorough revision of the
state-of-the-artof the field, the main shortfalls of the current systems are identified and it is
concluded that no already developed system is able to properly work in the low light
enviroments users point out as the most likely ones associated to situations when the use of
these systems becomes acceptable.

Therefore, in this thesis, we develop a system fully adapted to the needs specified by the
communities of the elderly care field and solve some of the identified shortfalls of the field.
In doing so, we intend to contribute to improving the quality of life for both the elderly
community and their caregivers by providing a tool well adapted to the necessities they
express.

1.2 Structure of this document
This thesis is organized as follows:

Chapter 3 reviews the state-of-the-artof the field of automatic fall detection systems,
considering wearable, ambient, and vision-based ones. The chapter concludes with some
observations, pointing out advantages, disadvantages, and limitations.

Chapter 4 is 