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SUMMARY

Automatic human behavior understanding is considered a core technology that can fa-
cilitate a variety of applications. Nevertheless, defining, detecting, and recognizing hu-
man behavior is still a big challenge requiring research efforts from the computer vision
and machine learning communities.

Technological advancements in the field of Artificial Intelligence (AI) have opened
the path to systems capable of learning and sensing the environment in a way that imi-
tates human perception. Machines are very powerful when it comes to learning regular
and tangible patterns. However, there is still big room for improvement in the fields con-
cerning the automatic understanding of behaviors and how humans use them to com-
municate as well as to express their feelings.

In this dissertation, we present novel work in the field of computer vision and be-
havior understanding using image and video data. In particular, we will mainly focus on
the rich information that the human body generates during daily activities. Nonverbal
signals refer to the types of humans’ daily communication that are nonverbal. From our
gestures to our body postures and movements, nonverbal communication conveys large
volumes of information that humans read and interpret every day. Therefore, in this dis-
sertation, we pose the critical research question of how to build computational models
that can enhance machines’ understanding of human intentions, behaviors, personality
traits, and activities, by learning meaningful patterns from human motion and bodily
cues.

As human behavior understanding is a research topic that can be potentially used to
support several fields of our society, in this dissertation, we focus specifically on three
research fields: Ambient Assisted Living (AAL), Video Surveillance (VS), and Affective
Computing (AC). In Chapter 1, we introduce the main challenges and outcomes from
each of them. AAL concerns the use of ambient intelligence techniques, processes, and
technologies to enable aging individuals to live independently for as long as possible.
Smart AAL applications made with low-cost sensors monitoring and detecting danger-
ous events in elderly homes can reduce the healthcare economic burden while improv-
ing the living conditions of the senior citizens. VS concerns surveillance systems based
on a set of cameras that monitor public or private areas. Smart VS applications that au-
tomatically understand the filmed events can increase the efficiency of the surveillance
staff while reducing the systems’ cost. Finally, AC concerns the understanding of hu-
man affective cues such as emotions and personality attributes. AC applications that
automatically recognize and interpret personality attributes can have great impact on
understanding why individuals make certain choices in fields like marketing or human
resources.

Human behavior analysis from video data is one of the most complex challenges in
the computer vision community as movements are difficult to define and lack clear se-
mantic structures. Moreover, the categorization of movements is a non-trivial problem

xi



xii SUMMARY

for several reasons. Movements associated with the same activity can vary in duration
or expressivity. For instance, walking behaviors can depend on the individuals making
the actions, e.g., elderly usually walk with a slower pace than young individuals, or de-
pending on the context, e.g., in crowded spaces we may walk in a more zigzag pattern
compared to when we walk in free spaces. In Chapter 2, we introduce the theoretical
frameworks used in this dissertation as well as we present the state-of-the-art meth-
ods in the fields of Ambient Assisted Living (AAL), Video Surveillance (VS), and Affective
Computing (AC).

In this thesis, movements are extracted as chronological sequences of
multi-dimensional locations called trajectories. Trajectory information provides mean-
ingful insights about motion towards a destination and its related motion patterns. As
trajectories are simply multi-dimensional location information, they are very easy to
store and privacy compliant, hence, they are commonly used for surveillance applica-
tions. Specifically, in Chapter 3, we use trajectory based methods for the detection of ab-
normal events in outdoor public spaces as well as private homes. Additionally, in Chap-
ter 4, we continue to investigate abnormal behavior detection applications proposing a
real-time framework based on trajectory data.

Although trajectory data is important for general surveillance applications, it does
not provide rich information about the articulated motion of the human body. There-
fore, in order to obtain more fine-grained insights about human body motion and be-
haviors, in Chapter 5, we introduce a framework that encodes skeleton joints informa-
tion to learn spatio-temporal sequences related to human body postures.

In computer vision, contextual information has been shown to improve several chal-
lenging tasks such as action recognition and scene understanding. Building on these
findings, in Chapter 6, we aim to extend our research by understanding the mutual rela-
tion between behaviors that come intrinsically from individuals (e.g. motion) and infor-
mation that comes from the context (e.g. social/nonsocial situations). Additionally, in
Chapter 7, we deepen our investigation on the temporal evolution of human behaviors
and their similarity using Deep Metric Learning techniques. Finally, in Chapter 8, we
address the research questions that guided our research throughout this PhD and draw
conclusions and recommendations for future works.

In this dissertation, five research questions are addressed. The first question consists
of How can motion trajectories be leveraged for the discovery of normal as well as abnor-
mal behavioral patterns? In Chapter 3, we explore various temporal features in combi-
nation with spatial information to encode objects’ motions using trajectory data. Using
an unsupervised approach, we investigate the detection of normal as well as abnormal
motion events in indoor as well as outdoor scenarios.

The second question consists of How can motion trajectories be leveraged for real-
time surveillance applications? In Chapter 4, we tackle this question by proposing a hi-
erarchical framework, based on Autoencoders, for modeling motion trajectories in real-
time. The hierarchical architecture is designed to capture short, noisy spatio-temporal
trajectories in the lower levels while learning meaningful motion transitions in the higher
levels. Finally, we model temporal motion transitions to infer the future trajectory step
in real-time.



SUMMARY xiii

The third question consists of Posture sequence modelling and affective computing:
what can we automatically learn about personality using body postures? In Chapter 5, we
introduce a novel approach to learn upper body posture representations and their evo-
lution in time using an Autoencoder in combination with a Long Short-Term Memory
Network. In this chapter, we study body posture sequences and their link to person-
ality attributes. To do so, we propose a novel dataset where forty-six participants were
recorded performing six tasks in unconstrained indoor environments and their person-
ality scores were reported using a self-assessment questionnaire on the big-5 personality
traits.

The fourth question focuses on Are contextual cues informative predictors in addi-
tion to posture for personality recognition? In Chapter 6, our goal is to map the mu-
tual relation between individual behaviors and contextual information to personality at-
tributes. To do so, we introduce a novel Convolutional Neural Network framework that
analyzes the behavioral events in the scene at multiple levels of granularity. Firstly, we
encode individual movements from every person in the scene. Secondly, we explore the
interaction between individuals in small social groups, by studying how communica-
tion dynamics are affected by the personality of single individuals involved in the group.
Thirdly, we explore how individuals use their personal space in different situations such
as in social as well as nonsocial scenarios.

Finally, the fifth question consists of Does modelling the temporal nature of human
behaviors improve their latent representations and consequently personality recognition?
In Chapter 7, continuing the research line of the previous chapter, we aim at expand-
ing the use of body motion as well as context information to learn their interaction dy-
namics in time. We propose a novel model that encodes temporally adjacent motion
and context descriptors as they are likely to belong to the same semantic behavior. The
learning process is carried out using a Deep Metric Learning strategy with the goal of
finding meaningful movements that enhance the discovery of discriminative personal-
ity patterns.

Overall, as nonverbal communication (e.g. body movements, body postures, and ex-
pressions) convey rich information about behaviors, in this thesis, we proposed several
novel methods to extract, learn, and visualize meaningful patterns of human behaviors.
Our findings show that by examining the interaction between movements and contex-
tual cues, we can enhance machines’ understanding of how humans behave in different
environments.





1
INTRODUCTION

1.1. CONTEXT AND MOTIVATION
We are in the midst of a wave of technological innovations that are revolutionizing sev-
eral sectors of our society. Mass digitalization, sensors that are increasingly more ubiq-
uitous (Internet Of Things (IoT)), and Machine Learning (ML) techniques leveraging the
big amount of collected data are the main drivers of this new revolution. This technolog-
ical growth aims to tackle some of the grand challenges of our society, such as renewable
energy, healthcare, surveillance, and automation. In this context, the integration of these
technologies in our society remains a fundamental challenge to be tackled. Since the
days of early computers, the field of Human Computer Interaction (HCI) has undergone
great advancements to bridge the gap between man and machine. Great inventions were
produced due to these efforts, including the keyboard, the mouse and the touch screen.
In recent years, the technological development in the field of HCI was greatly affected by
Artificial Intelligence (AI), opening the path for more natural and intuitive interactions
between humans and machines. Researchers have began to integrate human communi-
cation modalities such as vision, body gestures and natural language understanding into
computers and robots. For example, one of the most successful commercialized prod-
uct utilizing natural speech interaction is Amazon Alexa [1], where the users can control
the device using voice commands. In order to convert speech to text, Alexa is embedded
with Natural Language Processing (NLP) techniques. Another example is Google Soli [2],
where the users can control the smartphone applications using natural gestures. Google
smart sensors are designed to recognize human motion at several scales, making the
navigation more genuine.

In this thesis, we will mainly focus on the rich information that the human body gen-
erates during daily activities. Despite the great influence of body language in human
communication, the topic has become popular only since the 1960s [3], and yet, the ma-
jority of people consider speech as the main form of communication among humans
[4]. Several scientists tend to see language communication as a very recent evolution-
ary event [5], whereas, body expressions (e.g. manual gestures) have been shown to be

1
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much more ancient [6]. Nonverbal signals refer to the portion of our communication
that is nonverbal which includes body language, facial expressions, paralinguistics etc.
These nonverbal signals shape a major part of humans’ daily communication. From our
facial expressions to our body movements, the nonverbal communication conveys large
volumes of information that humans read and interpret everyday. “Reading body lan-
guage is more than just a matter of perception. It entails not only recognizing and coding
socially relevant visual information, but also ascribing meaning to those representations”
[7]. While we view ascribing meaning to non-verbal communication as the final step
towards intelligent social machines, a critical research question addressed in this disser-
tation is how to build computational models that can enhance machines’ understanding
of human intentions, behavior, personality traits and activities, by learning meaningful
patterns from human motion and bodily cues.

Given the recent technological advances, fully autonomous systems will gain sig-
nificant relevance in people’s life. It is expected that the level of manual input during
human-machine interactions will decrease, letting the technology work autonomously.
Under these circumstances, researchers coined the term “technologies as perfect but-
ler” [8], where the system aims to fulfill users’ preferences without having them stated
manually. In this direction, we believe that automatically recognizing users’ behaviors
through measurements and observations (passive interaction) can yield great improve-
ment into several fields of our society. For example, in healthcare, smart algorithms
can support the hospitals and elderly homes in the monitoring and detection of dan-
gerous/abnormal events [9]. Private homes equipped with smart sensors can learn the
normal life cycle of the inhabitants and perform actions automatically like switching
on/off the heater, switching on/off the lights, and preparing meals [10]. In public en-
vironments, such as train stations and public squares, surveillance cameras are already
passively monitoring the daily activities. However, the process of understanding and
detecting the salient events in the recorded data is carried out manually. Also in the
surveillance field, it is expected that the level of manual work will decrease because of
smart systems that can understand and detect important events in an automatic way.

Taking the above into account, the final goal of this work is to investigate AI-endorsed
systems able to automatically understand human behaviors in social and nonsocial en-
vironments using sensory data. Unlike natural language processing, which is based on
languages that have well studied semantic and syntactic structures, human motion anal-
ysis is lacking a generic underlying architecture [11]. As a matter of fact, human motion
is generated in different forms and levels of complexity. Motion can be generated by the
full body that moves coherently to make an activity such as running or jumping, it can be
generated by only parts of the body like facial expressions or gestures, or, motion can be
seen solely as movement through space towards a destination. Therefore, it is extremely
complex for systems to perceive, understand and anticipate human motion in differ-
ent environments. The challenge of accurately modeling human motion derives from
the complexity of human expressivity and the variety of its internal and external stim-
uli [12]. Individuals’ motion may be guided by own intents and internal needs (walking
fast due to a delay) or may be guided by external factors such as social rules and norms
(walking on a pedestrian sidewalk instead of on the road). Some factors influencing hu-
man motion are observable, such as movement quality and movement types, yet several
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other factors are not directly observable and need to be deduced from perceptual cues or
from the contextual information [12]. Hence, in this thesis, we aim to study observable
cues as well as external context cues that can reveal internal drivers such as intentions,
attitudes, and goals.

In the computer vision field, terms like actions, activities, and behaviors are often
used interchangeably by different authors [13]. In this thesis, we define the following
hierarchy: “action”, “activity”, “behavior”. The term “action” describes primitive and
atomic entities that are made in sequence to generate more complex activities. For ex-
ample, to kick a ball, action primitives can be “foot planting”, “cocking of kicking limb”,
“swing” etc. We define the term “activities” as more coarse-grained behaviors that have
semantic definitions, for example “playing football” or “making tea”. Activities have a
clear beginning and a clear end in time, and they usually follow standards defined by
the society. Finally, we define the term “behaviors” as coarse-grained entities which nei-
ther follow any periodicity nor standard and therefore they are difficult to segment in
time, and they are challenging to label. As stated by the authors in [14], the term activ-
ity defines the concepts of “what” the user is doing in the environment, while, the term
behavior defines “how” the activity or action is performed.

Action and activity recognition have received much attention in the computer vi-
sion field [15], this advancement was also fueled by the introduction of several labeled
datasets which provided human annotations regarding the most meaningful actions or
activities in the data. Nevertheless, we argue that in real life scenarios, human move-
ments are not always well-defined, moreover, researchers cannot always rely on data
annotations that determine what to focus on and why. Hence, in this thesis, we shift the
attention on the definition and interpretation of coarse behaviors. We believe that hu-
man behavior understanding can enhance the computer vision world in several ways.
First of all, as behaviors are difficult to annotate and segment, techniques like unsuper-
vised learning must be adopted. Consequently, researchers are not constrained by the
constant need of human annotations and definitions. Secondly, behavior understand-
ing is not a purely mathematical/computational problem, it should be tackled from dif-
ferent scientific points of view, for example by adopting models from other fields such
as Psychology [16] and Art [17]. Finally, behavior understanding using computer vision
techniques has great potential due to the wide range of promising applications in critical
fields like healthcare and surveillance. Specifically, in this thesis, we focus on the impact
of automatic human behavior understanding in the research fields of Ambient Assisted
Living (AAL), Video Surveillance (VS), and Affective Computing (AC). In the next sec-
tions, an in-depth description of the three main research fields is given.

1.1.1. AMBIENT ASSISTED LIVING APPLICATIONS

Ambient Assisted Living (AAL) concerns the use of ambient intelligence techniques, pro-
cesses, and technologies to enable aging individuals to live independently for as long as
possible [20]. As the average population age in Europe, and in the world in general, is
steadily increasing, new challenges surrounding the quality of life of older people and
their carers are emerging [21]. The need for caregiving, home assistance, rehabilitation
and physical support rises the expenses of the healthcare domain in every government in
the world. For example, costs of caring for people with Alzheimer’s and other dementia
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(a) A wearable device measuring vital signs.
Image from [18]

(b) A private home equipped with sensors that make smart in-
ferences, in this case, a falling down event is detected. Image
from [19]

Figure 1.1: Two examples of AAL smart applications.

in USA were estimated around $203 billion in 2013, and the projections indicate that the
costs will be around $1.2 trillion per year by 2050 [22]. The situation in Europe is similar,
as the demographic statistics estimate that the population over 60 years old is 24.5% of
the total inhabitants [22] yielding significant financial burden upon the socioeconomic
systems of all the European countries. In this context, smart healthcare applications
made with low-cost sensors could reduce the economic burden while improving the liv-
ing conditions of the old population [22]. For example, one of the first improvement
brought by AAL was the possibility for seniors and impaired persons to remotely interact
with relatives, friends, and doctors using video conferencing technologies [23].

Besides already existing technologies, in the last decades, numerous initiatives have
been carried out to propose ICT systems based on off-the-shelf active and/or passive
sensors that can remotely monitor different aspects of daily life. For example, the re-
search and innovation framework of ICT for Aging Well and the Europe AAL Joint Pro-
gram have been launched by the European Union for cultivating the development of
innovative ICT-based products, services, and systems to support the process of aging
well at home, in the community and at work [22]. These initiatives aim to bring together
universities and companies to design breakthrough applications to support the elderly
in different AAL scenarios.

The scenarios that AAL is addressing are complex. A key source of this complexity
is the inherent heterogeneity of the end-user population including individuals suffer-
ing from diverse disabilities and illnesses, but also healthy individuals, who are mainly
interested in “lifestyle functionalities” to improve their quality of life [24]. Another sig-
nificant aspect to consider for AAL technologies is the different house arrangements of
the target population. As AAL systems will frequently need to be deployed in preexist-
ing houses, general and modular system infrastructures should be adopted to adjust as
much as possible to the different houses’ layouts. Finally, AAL products and services
are not limited to direct users, but address also health providers, caregivers, and family
members, providing tools to record, share, and visualize health information about the
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users.

Although the AAL products and services are essentially designed to be stand-alone
systems, great effort is undergoing to integrate these systems to provide a more effec-
tive and efficient support. The final goal is to provide a more complete overview of the
patients’ clinical pictures by integrating different care systems (i.e. integrated care). In-
tegrated care aims to enhance quality of care and quality of life, consumer satisfaction
and system efficiency by cutting across multiple services, providers and settings [25]. For
example, the patients’ clinical picture is composed by medical exams made in the hos-
pital. Nevertheless, the condition of the patients in their everyday life at home is often
only shared verbally during the intake procedure. In this context, smart monitoring sys-
tems that provide analysis of everyday activities could be used to enhance the patient’s
clinical picture. In this way, doctors could take into account the insights provided by the
monitoring systems to make a diagnosis, administer a therapy, and follow-up. Finally,
the diagnosis as well as the therapy could be fed back into the ICT systems to update and
regulate the monitoring metrics.

Among the AAL applications, daily life activity (DLA) monitoring is an essential com-
ponent for assisted living. Continuous monitoring can play a crucial role in detecting
abnormalities or emergencies during the intervals between the frequent or infrequent
visits to the doctor. This factor, in combination with more affordable and accessible
hardware represents an opportunity to create solutions that can change people’s lives
now and in the future. Consequently, monitoring technologies are receiving more atten-
tion from policy makers, academia, and the industry. These technologies include smart
homes, mobile, and wearable sensors among others [26].

Smart homes are regular houses that have been equipped with ambient sensors such
as cameras, microphones, and infrared sensors. Sensors acquire daily life information
and this knowledge is utilized for automation and provision of comfort as well as for as-
sessing the cognitive and physical health conditions of the users. A question that arises
is where in the home should AAL technologies be deployed so as to be harnessed to
their maximum benefit [27]. Although accidents can occur anywhere within the home,
authors in [27] indicated the kitchen, the bathroom, and the bedroom as those places
where accidents are most likely to happen. However, the bathroom and the bedroom lo-
cations are more problematic due to the privacy concern of the target population. Lim-
itations of these types of technology are high installation cost, maintenance, in-home
coverage, as well as digital know-how required in all the operations.

Mobile and wearable sensors take advantage of the close position to the human body
to collect physiological measurements. Most of the smartphones are equipped with vari-
ous sensors such as accelerometers, gyroscopes, proximity sensors, and global position-
ing system (GPS), which can be used for detecting user activity and mobility. Wearable
sensors such as bands and clothes can measure blood glucose, blood pressure, and car-
diac activity. Limitations for these types of sensors include their low accuracy, which is
often the case in low-cost systems. Moreover, in the case of senior citizens, wearing bulky
or unfamiliar devices may prove detrimental or necessitate a very close supervision.

Studies in automatic monitoring systems in healthcare have highlighted their poten-
tial to improve the feeling of security in the aging population living independently [28].
Examples of AAL applications and results are given in Fig. 1.1. Cardiovascular diseases
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(a) New York train station movements were recorded in the
dataset published by [36]

(b) Data from surveillance cameras include several objects
like pedestrians and cars. Image from [37]

Figure 1.2: Two examples of Smart Surveillance applications

are a great burden for the European population, hence, several devices and applications
using wearable devices that can measure heart activity have been launched (Fig. 1.1a).
Around 36,000 elderly are reported to be fatally injured from falls every year in Europe
[29], for this reason, smart devices have been presented for the detection of falling down
events (Fig. 1.1b). In the next chapter, a detailed explanation of the algorithms shaping
the state-of-the-art for these applications is given.

1.1.2. SMART SURVEILLANCE APPLICATIONS

Visual surveillance systems consist of a set of cameras that monitor in real-time the sur-
rounding environment. The recorded data is controlled by human operators with the
goal of detecting possible abnormal events. Nowadays, despite an increasing concern
about privacy, a growing number of countries are deploying advanced surveillance sys-
tems to monitor, track, and surveil public areas [30]. The process of watching, review-
ing, and analysing the data is performed mostly manually [31], and, monitoring long
and unconstrained security footage is challenging due to limited human cognitive re-
sources. The ability to hold attention and to react in case of rarely suspicious events
is demanding and prone to errors [32]. For example, authors in [33] showed that after
20 minutes of watching surveillance cameras, attention of operators drops due to bore-
dom and the natural hypnotizing effect of monitoring video scenes. Thus, automatically
understanding the recorded events and detecting possible abnormal dynamics are fun-
damental tasks that support as well as enhance the traditional surveillance systems.

Due to the increasing technological power and data availability, researchers have
started, not only to be able to understand the events occurring in the scene but more
importantly, to predict what can happen next. In this regard, authors in [32] reported a
shift in the security paradigm from “investigation of accidents” to “prevention of poten-
tial accidents”. This degree of anticipation helps in inferring targets’ routes [34], intents
[35], and destinations [36]. For instance, in a road intersection, it is crucial to immedi-
ately detect whether a car lost control and is approaching pedestrian areas, or to forecast
a pedestrian’s walking path into a potentially restricted zone.

Objects’ navigation (i.e. humans, cars) is affected by multiple factors. External fac-
tors, such as context regulations and static obstacles in the environment follow standard
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conventions and therefore can be known a priori. On the other hand, internal factors
such as goal destinations and attitudes are more challenging to model as they appear
unpredictable. Therefore, a major challenge for a smart surveillance system is to em-
bed external and internal factors in order to understand events in the scene, and more
importantly, to predict future occurrences.

Navigation in an environment is conveyed by the object position in space. In this
thesis, we consider the ground level 2D or 3D trajectory to indicate the object navigation.
Object trajectories can be analyzed in a real-time mode as well as in an offline mode.

Real-time monitoring systems track and analyse continuous snapshots of data oc-
curring within short periods of time, producing an output almost simultaneously with
the input. These systems have the potential power of detecting abnormal events as soon
as they arise. However, real-time systems are also more prone to errors due to the limited
reaction time. Anomaly detection systems have success in exposing attacks in real-time,
yet have high false positive rates [38]. False positive events occur when an activity is
flagged as dangerous but it was determined to be benign upon analysis. False alarms
have costs, for example, computational power and valuable resources are spent when
irrelevant events are flagged as dangerous.

Offline monitoring systems analyse the data after it has been recorded. Offline pro-
cessing enables the use of more complex and computationally demanding strategies,
therefore provides more accurate results than real-time processing. However, one dis-
advantage of offline monitoring systems is that they are unable to prevent dangerous
events due to their asynchronous nature.

As humans, we possess navigational skills acquired through years of practice [34].
Hence, AI models should be able to imitate navigation strategies that human employ
in different scenarios. For example, moving in a crowded public space, such as a train
station, requires the ability to avoid other moving objects without losing the destina-
tion goal. On the other hand, moving in a less crowded indoor space, such as a house,
requires more fragmented and curved movements due to limited space.

Spatio-temporal human trajectories offer valuable information about human mo-
tion, therefore, a plethora of applications was proposed such as pedestrian motion anal-
ysis in public spaces (Fig. 1.2a) and motion patterns discovery for various vehicles (Fig.
1.2b). In the next chapter, a detailed explanation of the algorithms shaping the state-of-
the-art for these applications is given.

1.1.3. AFFECTIVE COMPUTING APPLICATIONS
Affects and emotions are fundamental human experiences that have a great impact on
humans’ lives, choices, well-being, and so forth. Since antiquity, studies on humors and
emotions highlighted that individuals differ in their predisposition to experience cer-
tain emotions and feelings [39]. The relatively stable psychological attributes, affective
patterns, and desires that distinguish individuals from one another are defined as Per-
sonality patterns.

“A helpful analogy is to consider that personality is to emotion as climate is to weather.
That is, what one expects is personality, what one observes at any particular moment is
emotion” [39]. In general, personality includes patterns of thoughts that shape individ-
ual’s behaviors, emotions, motivations, and characteristics. Personality psychology is
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Figure 1.3: Examples of body expressions that reveal affective states of individuals. Pictures taken from [44]

the science that aims at capturing stable individual characteristics that explain and pre-
dict observable behavioral differences [40]. Hence, the ability to automatically recognize
and interpret personality patterns has a huge impact on several technological applica-
tions. Consequently, the field of affective computing has received increasing attention
in the last years. In this thesis, we will study how human body postures, expressions, and
behaviors can be automatically mapped to personality labels.

Understanding behavioral patterns helps to have a better idea of how people act,
think and behave [41], therefore several psychological models have been proposed
throughout history. The Big-Five trait model [42] is the most popular personality model,
dividing human behavior characteristics in five general dimensions: Extroversion (i.e.
talkative, outgoing), Agreeableness (i.e. considerate, forgiving), Conscientiousness (i.e.
efficient, motivated), Neuroticism (i.e. tense, full of worries), and Openness to Experi-
ence (i.e. inventive, imaginative). However, a long term debate in the personality field
showed that considering single traits that vary across individuals fails in describing the
configuration of these attributes within each person. In contrast, numerous studies con-
firmed the theory proposed in [43], in which all the personality traits can be organized
into three major types: undercontrolled, resilient, and overcontrolled. Resilient person-
ality types exhibit low levels of neuroticism, and intermediate or above average in the
rest of the Big-Five traits. The undercontrolled type usually scores high in neuroticism
and extraversion, and finally, the overcontrolled type scores below average on extraver-
sion and above average on neuroticism.

Psychological experiments highlighted the validity of theoretical personality models
by predicting accurately participants’ life outcomes. For example, authors in [45] de-
tected an association between extrovert, as well as proactive personality to career suc-
cess indicators. For this reason, the computing community started to adopt and con-
sult personality models for automatic behavior understanding in the field of personality
computing [40].

Human behaviors can be verbal, where words expressed by the voice represent the
communication channel, and nonverbal, where the body language is the main commu-
nication channel. Verbal communication in everyday life is without any doubt impor-
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tant, and, since the words are measurable, researchers showed a clear link between the
way a certain message is articulated and personality styles [46]. For example, an ex-
pressive style is often an outcome of an expressive personality [46], while an aggressive
communication style is an outcome of an aggressive personality [47]. However, results
showed that verbal communication is easier to train and manipulate to convey biased
messages [48]. Words are not the only tool humans use to communicate. The way peo-
ple stand, the gestures, and the facial expressions are nonverbal ways of communicating
feelings that impact individuals’ behavioral patterns. Psychological studies showed that
the nonverbal channels are much more unconscious than the verbal channel and, there-
fore, nonverbal signals can be more valuable in revealing the true internal state and the
true personality. Hence, in this thesis, we focus on nonverbal behavioral cues such as
body posture and expressive movements and their relation with personality attributes.

As human beings, we are able to interpret affective states of other individuals from
little information. For instance, in Fig. 1.3, even though only body posture information
is shown, we are able to understand the expressed affective states. For these reasons,
several studies were carried out to understand how emotions, attitude, and personality
are conveyed in dynamic body gestures and postures. In the next chapter, a detailed
explanation of the algorithms shaping the state-of-the-art for these applications is given.

1.2. RESEARCH QUESTIONS
Given the fruitful applications that can be derived from human behavior understanding,
this thesis focuses on conducting research on several components of human behavior
(e.g. motion trajectory, body posture dynamics, personality). Specifically, the following
questions have guided our research activities since the beginning of this PhD study:

Research question 1: How can motion trajectories be leveraged for the discovery of
normal as well as abnormal behavioral patterns?

One of the goals in human behaviour understanding consists in learning an object’s
regular activity patterns and defining types of deviations which could be considered ab-
normal. This analysis is useful for modeling normal behaviours in a range of different
contexts, such as private houses, work environments, and public spaces.

Abnormality detection yields several challenges: first of all, by definition, abnormal
events occur much less often than normal events. Therefore, systems that deal with
this problem have to face unbalanced datasets containing a few examples of significant
anomalies. One of the most used strategies consists of learning regular activity patterns
and categorizing as abnormal everything that significantly deviates from it. However, it
is infeasible to collect all possible normal events, hence, systems may suffer from false
alarms when recording unseen normal events. Another strategy is to adopt supervised
approaches, where normal and abnormal events are defined in the model. However,
the problem mentioned before of unbalanced data makes the labeling operation labor-
intensive.

Our research aims to tackle both challenges by proposing a semi-supervised ap-
proach in which activity patterns are discovered without any human supervision using
clustering techniques. Then, we facilitate the integration of experts’ opinions for ob-
taining a semantic interpretation of the scene, making them define what is normal or
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abnormal using the obtained clusters. This strategy gives the advantage of labeling sets
of similar events instead of labeling the events one by one. Lastly, we use the obtained
labels for a supervised abnormality detection task in an indoor as well as an outdoor
scenario.

Research question 2: How can motion trajectories be leveraged for real-time surveil-
lance applications?

Real-time processing is a key factor for smart surveillance systems. However, real-
time behavior understanding is extremely challenging due to the fact that human move-
ments are inherently noisy. Humans, differently from programmed machines, do not
always take the shortest or most efficient path towards a goal for many different reasons.
Therefore, there is a need for real-time systems that are robust to noise and small devia-
tions to estimate accurately the long-term path progression.

Our research aims to model trajectories from surveillance scenarios using a hier-
archical strategy. Low levels of the hierarchy capture local spatio-temporal motion at-
tributes such as spatial orientation and speed, while higher levels contribute to obtain-
ing richer semantic information. The bottom-up approach exploits the inherent sta-
tistical correlations between neighboring elements using an increasing spatio-temporal
grid. With the proposed strategy, local patterns describing small movements are discov-
ered by the low hierarchical levels, while more discriminative and robust motion pat-
terns are encoded using higher layers. Finally, our research aims to model the dynamics
of the learned features for surveillance applications like trajectory path forecasting, di-
rection prediction, and abnormality detection.

Research question 3: Posture sequence modelling and affective computing: what can
we automatically learn about personality using body postures?

Human behavior consists of multimodal signals such as articulated full body mo-
tion, facial expressions, voice and movements in space [12]. A common approach is to
consider one or multiple modalities for behavior understanding in predefined scenar-
ios. Every modality has strengths and weaknesses. For example, analysing voice pitch
in every day life [49] provides useful information regarding the emotional status of in-
dividuals, however, feature extraction may be difficult due to surrounding noise. Non-
verbal behavioral cues have been studied extensively in the field of human behavior un-
derstanding. Facial expressions have been successfully linked to true human behavior
characteristics, however, these features are not robust to camera positions and privacy
restrictions. These limitations are critical for applications in smart surveillance, hence,
in this thesis, we study body posture sequences and their link to personality attributes.
Besides the theoretical motivation explained before, in our opinion, modeling body and
posture expressions has several practical advantages: 1) In order to cover wider areas,
surveillance cameras are often placed on the ceiling, human postures and upper-body
movements are usually clearly visible, making them robust to noise and occlusions. 2)
As upper-body parts cover more than half of the human body volume, it is easier to track
them in respect to small-volume objects like faces. 3) Body postures can be represented
by skeleton joints sketches, and therefore, fully respecting the individuals’ privacy.

To deepen the research in the field, we introduced a novel dataset for behavior un-
derstanding and personality recognition. Forty-six participants were recorded in an un-
constrained indoor space, related to a smart home environment, performing six tasks
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resembling Activities of Daily Living (ADL). During the experiment, personality scores
were collected using self-assessment questionnaires. Furthermore, our research aims
to map body posture sequences to participants’ personality attributes with the goal of
integrating theories from psychology with computational models.

Research question 4: Are contextual cues informative predictors in addition to pos-
ture for personality recognition?

In the field of smart monitoring systems, the affective/emotional aspects of human
behaviors are often omitted [50], whereas, it has been shown that actions and move-
ments made by the individuals are influenced by their affective state, as well as their
personality attributes [51]. For example, authors in [51] show that the pedestrians’ walk-
ing behaviors in a public environment can be described by affective attributes. Pedestri-
ans are considered aggressive if their walking path is not influenced by the surrounding
crowd, whereas pedestrians are considered conservative if their paths are modified to
avoid contact with other people.

Building on these findings, our research aims to map the mutual relation between
individual behaviors and contextual information to personality attributes with the goal
of shedding some light on the influence of surroundings on human behaviors.

Research question 5: Does modelling the temporal nature of human behaviors im-
prove their latent representations and consequently personality recognition?

Mapping behavioral patterns to personality labels can allow an intelligent system to
be more interactive and adaptive [8], reducing unnecessary manual interaction. For in-
stance, autonomous cars can be customized according to the personality of the driver
[52] to behave according to the personal driving inclinations and perceptions with the
goal of ensuring a smoother ride. Comparing and categorizing behavioral patterns for
personality understanding is a challenging task due to the different lengths that the same
behavior can acquire when performed in different scenarios or performed by different
individuals. For example, a simple action like walking, can be expressed in several differ-
ent ways depending on the attitude/personality (i.e. nervous versus calm personality),
or depending on the scenario (i.e. crowded versus empty scenario).

Therefore, one of the goals of our research is to expand the use of body information,
context learning and their dynamic interaction in time. In particular, we aim to mea-
sure and optimize the similarity between temporally related spatio-temporal behavioral
samples in order to understand their semantic relation in different scenarios.

1.3. THESIS OVERVIEW
This thesis is divided into eight chapters. Chapter 1 provided a brief introduction to the
automatic human behavior understanding research field with applications in various
domains such as Ambient Assisted Living, Smart Surveillance, and Affective Computing.
Chapter 2 reviews the state-of-the-art algorithms and frameworks regarding the studied
domains involving human behavior understanding. In Chapter 3, the first research ques-
tion is addressed with the use of a semi-supervised framework for the discovery of nor-
mal and abnormal behavioral patterns in indoor as well as outdoor scenarios. In Chapter
4, the second research question is studied with the proposition of a hierarchical model
for trajectory analysis and real-time prediction of future trajectory paths. In Chapter 5,
the third research question is tackled with the proposition of a temporal framework for
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the mapping of posture dynamics to personality attributes. In Chapter 6, the fourth re-
search question is addressed with the proposition of a framework that aims to map mo-
tion cues generated by the human body and contextual information in the same latent
space. In Chapter 7, the fifth research question is investigated utilizing a metric learning
strategy that aims to minimize the intra personality class variation and maximize the in-
ter personality class variation in time. Finally, Chapter 8 discusses the outcomes of this
dissertation, provides a series of conclusions and presents possible directions for future
work in the new emerging fields of Artificial Intelligence, Affective Computing, and the
role of Deep Learning architectures.
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2
INTRODUCTION TO

STATE-OF-THE-ART AUTOMATIC

HUMAN BEHAVIOR ANALYSIS

2.1. INTRODUCTION TO THE THEORETICAL FRAMEWORK
The performance of machine learning algorithms strongly depends on how the raw data
is processed and represented. In order to keep only the most informative parts of the
data, a common practice is to provide a collection of characteristics called feature repre-
sentations. These features are used as examples for the machine to learn a specific task.
For example, in order to detect objects from RGB images, the representation of objects
as a set of features like colors, shapes, and sizes, is far more powerful than feeding the
machine raw pixels information.

In conjunction with the feature representation step, machine learning models have
to be designed and trained depending on the chosen learning strategy. When the data
includes the solutions (labels) of a given task, a supervised learning strategy is applied.
A typical supervised learning task is classification, where algorithms are designed to find
the best separation between classes of labels. However, when dealing with real-world
data, solutions have not always been added side by side with the data; in these situa-
tions, an unsupervised learning strategy is applied. A typical unsupervised learning task
is clustering, where algorithms aim to find groups of samples with similar feature pat-
terns. In this thesis, we apply the aforementioned strategies depending on the research
goals and circumstances. For example, human motion is difficult to label as the specific
movements may depend on multiple factors like contexts and external rules. In this case,
an unsupervised learning strategy is adopted for the discovery of meaningful behavioral
patterns (Chapter 3). Contrarily, applications like personality computing are designed to
map personality labels, found with traditional psychological questionnaires, to specific
actions and behaviors. In this case, a supervised learning strategy is adopted (Chapter
5).
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Figure 2.1: First mathematical model of a neuron, called Perceptron. The weighted sum is passed through a
threshold function which filters the results to produce a binary output.

In recent years, the Deep Learning strategies have improved all the state-of-the-art
results in the field of machine learning. Deep learning is a specific type of Machine
Learning strategy [1] composed of deep hierarchical structures that are able to learn
more meaningful data representations than the standard machine learning algorithms.
The idea of deep learning is vaguely inspired by the functioning of the human brain cor-
tex [2], and it consists in learning feature representations in a hierarchical way. Simple
and basic features are learned in the early stages, and, the combination of these primary
features allows the understanding of more complex and abstract features in the higher
hierarchical layers [3]. In terms of computations, the deep learning strategy was moti-
vated by important challenges like high-dimensional data and manifold representation
and generalization [1]. As in this manuscript deep learning strategies are extensively
used, in the next paragraphs, we will introduce the general deep learning structures as
well as the specific techniques used to tackle our research questions. Specifically, we will
first introduce the key ideas behind the Artificial Neural Network (Section 2.2), the unsu-
pervised strategy of the Autoencoder Neural network (Section 2.3), the temporal power
of the Long-Short Term Memory Network (Section 2.4) and finally, the Convolutional
Neural network (Section 2.5).

2.2. ARTIFICIAL NEURAL NETWORK

The history of ANN dates back to 1943 [4] when the first mathematical model of a neuron
called perceptron was proposed (Fig. 2.1). This model takes a set of inputs, multiplies
each of them by a weight (that vaguely corresponds to the synaptic transmission be-
tween nearby neurons), and thresholds the sum of these weighted inputs to an output.
The output is a 1 if the sum is above a certain threshold, otherwise, the output is a 0. The
perceptron was proposed initially as a single layer, but later, the author in [2] proposed
an extension called Multi-layer perceptron (MLP), in which a network of perceptrons
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was proposed with the aim of modelling the visual perception phenomena.
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Figure 2.2: Multi-layer perceptrons (MLP) or Neural Network feedforward structure. In the simplest form, MLP
is formed by three layers: The input layer, the hidden layer, and the output layer.

In the simplest form, MLP is formed by three layers (Fig. 2.2): the first layer is the in-
put layer, which contains a set of units that correspond to the input data X = [x1, . . . , xn].
Bounded to each input value, a set of random scalar values called weights W = [w1, . . . , wn]
is initially assigned. The final goal of MLP is to learn these weights in order to minimize
the error between the input and the output. A bias input is also present with a constant
value of 1 that helps the model to fit the given data. The last layer is the output layer
which contains the artificial neurons that are associated with the model outputs (for ex-
ample, in case of classification, each output corresponds to one target class). As every
input x is associated with a label y, the training examples, composed of pairs x, y , specify
that the output layer’s goal is to produce values as close as possible to y (usually called ŷ).
Between the input and the output layer, there are the hidden layers, where all the core
computations happen. Differently from the output layer, the behavior of the hidden lay-
ers is not directly specified by the training examples. The learning algorithm, through
optimization strategies, chooses how to minimize the difference between the input and
the output values. As the hidden layers estimate the output as a function of the input,
but the function of the data is unknown, these layers are called “hidden layers” [1]. MLPs
are also called neural networks because they are structured as an interconnected chain,
and the overall length of this chain defines the depth of the model. These models are
called feedforward because information flows from the input layer to the output layer,
in other words, there are no feedback connections in which outputs of the model are fed
back into itself. When feedforward neural networks are extended to include feedback
connections, they are called recurrent neural networks (Section 2.4).

One of the significant differences between the original perceptron [4] and the more



2

20 2. INTRODUCTION TO STATE-OF-THE-ART AUTOMATIC HUMAN BEHAVIOR ANALYSIS

modern artificial neural networks is the addition of an activation function a. As shown
in Fig. 2.2, in each step, the weighted sum of the input is calculated, however, the result
is not bounded to any limit and, therefore, it can take any value from -inf to inf. Compu-
tationally, the main role of the activation function is to restrict the results to a predefined
range (e.g. 0, ..,1 or −1, ..,1). Theoretically, the activation function decides whether the
particular neuron is “activated” (high values) or not (low values). As the model calculates
sequentially the activation from the input to the output, the activation of the j-th neuron
in layer l (x l

j ) is calculated as following:

x l
j = a(

nl−1∑
i=0

x l−1
i w (l−1,l )

i ) (2.1)

where w (l−1,l )
i is the weight i that connects the neurons xi and x j in the consecutive

layer l [5].
There exist many activation functions, the most used are: the sigmoid function (Eq.

2.2), the rectified linear unit (reLU) (Eq. 2.4), and the hyperbolic tangent (tanh) (Eq. 2.3).

f (z) = si g moi d(z) = 1

(1+exp(−z))
(2.2)

f (z) = t anh(z) = ez −e−z

ez +e−z (2.3)

f (z) = Relu(z) = max(0, z) (2.4)

Another great advantage of the ANN with respect to traditional machine learning
algorithms is the introduction of the end-to-end training strategy [6]. This procedure
consists of finding an optimal configuration of all its weights W in all the connected lay-
ers, with respect to the training data X. The common training strategy for modern neural
networks consists of two parts: first, we need a measure of the quality of the model, in
other words, we need to know whether our network is delivering an output that resem-
bles the training data. Therefore, we compute the Cost function or Loss function L, which
defines the difference (error) between the input labels y and the predicted output ŷ . The
Loss functions used in this dissertation will be briefly introduced in Section 2.2.1. Sec-
ond, we need to send this error back to all the nodes, to update all the internal network’s
parameters minimizing the loss function. This process is called backpropagation and it
will be briefly explained in Section 2.2.2.

2.2.1. LOSS FUNCTION
Given a supervised learning strategy, where we have a training set X and labels Y , we aim
at fitting all the weights W to minimize the difference between the network’s predicted
output and the real labels. Specifically, the Loss function L is used to define the difference
between the network prediction labels Ŷ and the true labels Y . In this thesis, the cross-
entropy loss function is used as follows:

L(Ŷ ,Y ) =−∑
i

yi log(ŷi ) (2.5)
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where ŷi is the probability of the predicted class i and yi is the true probability for
that class. In other words, the cross entropy loss function measures the distance between
two probability distributions, the true class labels distribution and the predicted labels
distribution, and, by minimizing, the final goal is to align them.

In the case of an unsupervised learning strategy, or in case the model’s output is a
continuous value, L aims at fitting all the weights W by minimizing the error between
the real output and the predicted output. In these cases, the mean-squared error loss
function is used as follows:

L(Ŷ ,Y ) = 1

2

∑
i

(ŷi − yi )2 (2.6)

where ŷi corresponds to the predicted output value and yi corresponds to the real
value.

2.2.2. BACKPROPAGATION
Backpropagation is the process that propagates the error between the predicted net-
work output Ŷ and the true labels Y from the last layer back to all the nodes. It has been
showed by several types of research [7], that the optimal parameters configuration can
be found using Stochastic Gradient Descent (SGD) optimization algorithms. The main
idea of this class of algorithms is to iteratively update each particular weight w l

i j to find

the minimum of a function using a measure called gradient. It starts at a random loca-
tion in the parameter space, and then, iteratively reduces the error until it reaches a local
minimum. At each step of the iteration, it determines the direction of the steepest de-
scent in the parameter space and takes a step along that direction. The gradient descent
is computed as follows [5]:

∆wi j =−l r
δL

δw l+1,l
i j

(2.7)

The partial derivative δL
δwi j

computes the slope (gradient) of the function between

consecutive layers (l + 1, l ). l r is the learning rate parameter which gives control over
the steps’ size to take. Selecting the right learning rate is critical. If the learning rate
is too large, we will take big steps risking to overstep the local minimum. While, if the
learning rate is too high, the function will be more conservative, running more iterations
of gradient descent, and therefore, increasing the training time.

2.3. AUTOENCODER NEURAL NETWORK
As introduced in the previous section, the ANNs goal is to find an optimal approximation
of the input data X with respect to predefined labels Y . However, in several real-world
situations the labels are not known a priori. Therefore, a sub-set of neural networks was
dedicated to solving the challenge of unsupervised learning (i.e. learning without the
supervision of labels).

In particular, the Autoencoders neural networks aim to learn the underlying struc-
ture of the data by learning an approximation to the identity function, in other words,
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Figure 2.3: Autoencoder Neural Network architecture. The encoder and the decoder functions are designed to
reconstruct the input features.

setting Y = X . This operation seems trivial, however, by setting constraints (or regulariz-
ers) to the hidden layers, a sub-set of meaningful and general features can be found. In
the simplest form, for a single hidden layer autoencoder, the encoder f0 and decoder g0

functions are designed to reconstruct the input data X , represented as a vectorized set
of input features X = [x1, . . . , xn], as good as possible (Figure 2.3). Therefore, given input
data X , through the encoding step f0, and the decoding step g0, the goal is to obtain the
reconstructed data X̂ as follows:

h(X ) = f0(W1X +b) (2.8)

where h(X ) represents the encoded set of features used to represent the input X .
Subsequently, the decoding step is computed by the function g0 and the reconstruction
result is denoted by X̂ :

X̂ = g0(W2h(X )+ c) (2.9)

{W1,W2} are the weight matrices and {b,c} are the encoding and decoding bias pa-
rameters. f0 and g0 are the non-linear activation functions. The optimization goal is to
minimize the error between the input data X and the reconstructed data X̂ using one
of the loss functions explained previously (Eq. 2.6, Eq. 2.5). As the autoencoders are
solely a special case of feedforward ANN, backpropagation strategy (Eq. 2.7) is used to
minimise the used loss function.

In this manuscript, two types of Autoencoder structures have been studied: the un-
dercomplete Autoencoder [8], and sparsity Autoencoder [9]. The former technique de-
signs a network with a lower number of hidden units than the input units, while the latter
technique forces all the hidden units to have minimal activations by using a sparsity pa-
rameter. The simple idea of an undercomplete AE is: when the dimension of h is smaller
than the dimension of X , the network is forced to learn a “compressed” representation
of the input data, and, therefore, filter out redundant information. On the other hand,
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Figure 2.4: Internal activity of an LSTM module. Gated units allow the network to update its states, being able
to store information over different time frames.

the sparse AE does not focus on the dimension of h but, rather, it adds a regularizer in
the loss function which forces the units to all have a minimal activation. In this way,
the hidden units are forced to avoid redundant information letting only meaningful in-
formation go through. AEs were shown to yield good performance in several real-world
applications [10] due to the ability to learn meaningful representations of the data with-
out labels. In this thesis, real-world data such as objects’ motion trajectories and body
postures are analyzed using AE networks. As these types of data require excessive labor
for labeling frame by frame information [11], we leverage the AE networks for finding the
underlying structure of the unlabelled data.

2.4. LONG SHORT-TERM MEMORY NETWORK
Differently from the feedforward neural networks, where the activation’s flow goes only
in one direction, from the input to the output, the Recurrent Neural Network (RNN) is a
special type of method where the activation’s flow is recurrent [12]. Given their structure,
RNNs are specialized in analyzing temporal sequences. The general idea behind their
structure is the parameter sharing across different parts of the networks [1], in this way,
they are able to generalize information seen at different time positions in the temporal
sequence.

In this thesis, we use a special type of RNN called Long-short memory network (LSTM)
[13] that was shown to improve the RNN, being able to learn long term dependencies.
LSTMs are explicitly designed to avoid the long-term dependency problem using gated
units (Fig. 2.4). Gated units allow the network to store information (i.e. pieces of evi-
dence for a particular feature) over a long duration [1]. However, once that information
has been used, it might be useful for the network to update the old state. The most
important part of the LSTM module is the cell state (Ct in the figure) which contains a
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self-loop controlled by the forget gate that decides which information has to be updated
and which are still important in the long-term period. In specific, the input information
flows into the cell state regulated by the LSTM gates. The first gate is called the “forget
gate” being regulated by a sigmoid function σ which sets the weights between 0 and 1 for
each number coming from the previous cell Ct−1. High values show that the information
is important and therefore has to be kept, while low values show that the information can
be forgotten.

The input gate is responsible for the addition of new information to the cell state.
This process can be divided into three sub-processes: First, similar to the forget state,
the input information from ht−1 and xt are regulated by using a sigmoid function 2.2.
Second, a new vector is created containing all the possible values that can be added to
the cell state (called input modulation gate in the figure) by using a tanh function 2.3.
Third, information is added to the cell state Ct by multiplying the value of the regulated
input to the created vector.

Finally, there is the output gate which has the role of selecting the output at time t .
The functioning of an output gate consists of making a filter using the values of ht−1 and
xt , such that it regulates the values that need to be outputted from the cell vector. In
particular, the LSTM learning procedure is computed as follows:

ft =σ(W f · [ht−1, xt ]+b f )

it =σ(Wi · [ht−1, xt ]+bi )

g t =ϕ(Wg · [ht−1, xt ]+bg )

Ct = g t ◦ it + ft ◦Ct−1

ot =σ(Wo · [ht−1, xt ]+bo)

ht =ϕ(Ct )◦ot

(2.10)

where (Wg ,Wi ,W f ,Wo) and (bg ,bi ,b f ,bo) represent the weights and biases matrices
of each type of gate.

The LSTM networks were shown to yield good performance in several real-world
applications [14, 15] due to the ability to learn long term relationships in temporal se-
quences. In this thesis, we leverage the LSTM network for learning the dynamic structure
of human movements, and affective computing.

2.5. CONVOLUTIONAL NEURAL NETWORK
Convolutional neural network (CNN) [16] is a class of feedforward neural networks spe-
cialized in the analysis of visual imagery or any input that has a grid-like topology [1]
(Figure 2.5). The most important difference from the other neural network structures
is the presence of convolutional layers. Convolutional layers are inspired by the human
visual cortex which is formed by neurons that have local receptive fields. In other words,
neurons are organized in groups that focus on limited regions of the visual field. The re-
ceptive fields of different neurons may overlap, and together they cover the whole visual
field. Units in the first convolutional layer are not connected to every pixel in the input
image like an ANN [1], but instead, the units focus only on pixels in their receptive fields
(called also kernels K ). Kernels are usually smaller than the input image, and they are
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Figure 2.5: Architecture of a Convolutional neural network framework. Convolutional layers are formed by
neurons that focus on limited regions of the visual field. Every convolutional layer is summarized using a
pooling function. As the CNN contains fully connected layers, the output of the first convolution layer becomes
the input of the second. In this way, the network is able to hierarchically learn a set of features.

applied in an overlapping manner to cover the whole input. For example, if we have a
2D image as input of 100×100 pixels, kernels will cover 10×10 pixels in overlapping loca-
tions (see the first step in Figure 2.5). This process yields several advantages [1]: Firstly,
kernels that embed smaller part of input require fewer parameters reducing the memory
requirements of the model. Secondly, this process improves the statistical significance
by leveraging the fact that the pixels close to each other are more semantically connected
than pixels further away. In this way, CNNs can learn more meaningful features. Lastly,
the same kernel parameters are used at every position of the input rather than learning
a separate set of parameters for every location. This property makes the convolutions
learn features that are robust to translation [1].

The last step of a convolution is called pooling. A pooling function is simply a sta-
tistical summary of the nearby outputs. For example, the max-pooling operation [17]
reports the maximum value within a rectangular neighborhood, or, the mean-pooling
operation [18] reports the mean value within the neighborhood. This operation makes
the convolutional layers learn robust features invariant to noise.

Figure 2.6 shows an example of the hierarchical learning structure of a CNN architec-
ture. Early Convolution layers learn low-level features such as edges and curves. These
features do not carry any semantic information yet, however, as they represent very basic
characteristics of objects and images, they can be applied to different/unseen domains
(transfer learning). As the CNN contains fully connected layers, the output of the first
convolution layer becomes the input of the second one. In this way, the network is able
to hierarchically learn a set of features. For example, the low-level features are com-
bined and summarized to learn mid-layer features and so on. Low-level features could
be semicircles (combinations of a curve and straight edge) or squares (combinations of
several straight edges). As we go through the network and advance to higher convolu-
tional layers, more and more complex features are formed by combining previous layers’
features. By the end of the network, more high-level features (semantically connected
with the labels) are learned, and ready to be passed to an inference system.

CNN frameworks were shown to yield good performance in several real-world appli-
cations [19, 20] due to their ability to learn meaningful and robust image features. In
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Figure 2.6: Hierarchical learning power of CNN architectures (picture from [21]). As we go through the network
and go through more convolution layers, more and more complex features are formed by combining previous
lower-level features.

this thesis, we leverage the CNN networks for learning human skeleton motion as well
as contextual information from video data.

2.6. LITERATURE REVIEW
In the last decade, machine learning and especially deep learning methods showed im-
pressive results in real-world scenarios. In this chapter, we will focus on describing the
state-of-the-art algorithms in the studied domains such as AAL, smart surveillance, as
well as personality computing.

2.7. AMBIENT ASSISTED LIVING
Europe has one of the highest portions of elderly population in the world [22]. In 2016,
19% of the European population was over 65 years old. The oldest-old (above 80 years)
will increase from 5% in 2016 to 13% of the population in 2070 [23]. This tendency
will introduce new challenges in the healthcare system that governments will have to
solve. For example, as the senior citizens will continue to grow in number, the need
of resources such as facilities and funds will continue to increase across all healthcare
settings. Additionally, healthcare professionals will not be enough and, consequently,
the quality of their services will decrease. To cope with these challenges, the European
Union launched research and innovation programs (e.g. H2020 program) to motivate
world-class science and industrial innovation to help in bringing new solutions to the
table. In this framework, my PhD was funded by the ICT4Life European project [24] that
aims to provide innovative smart ICT services enhancing independent living among the
aging population.

Elderly living independently remain most of their time alone, while medical profes-
sionals do not have resources to visit them more than few hours a week. As a conse-
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quence, clinical pictures required to assess the independent living skills are challenging
to make and are often incomplete. Sensor-based technologies systems which quantify
Activities of Daily Living (ADL) can be of a great help to existing clinical assessments.
Results showed that constant monitoring has several advantages such as early detection
of diseases and health related risks [25], and lower cost of medical care [26], among oth-
ers. Finally, the integration of this information with the current clinical picture of the
patient (i.e. integrated care) can help doctors and caregivers to make better decision in
the assessment and therapy of the diseases.

Numerous works for ADL recognition in home settings have been reported in the last
years with various monitoring technologies: passive infrared motion sensors (PIR), wire-
less sensor network (WSN), body-mounted sensors, pressure sensors, and video moni-
toring.
WSN-based systems are usually formed by a set of sensors dispersed in the environment
to monitor physical or environmental conditions, such as temperature, sound, vibra-
tion, pressure, or motion. They usually rely on wireless connectivity for their commu-
nication with a central location. WSNs have the advantage of being non-intrusive and
privacy compliant, however, ambient sensors connected through the WSNs usually pro-
vide little information about activities. Ambient sensors can be used for the detection
of daily activity patterns. For example, authors in [27] studied the daily routine of smart
homes inhabitants by placing motion sensors in all the rooms of the house. Binary sig-
nals (On/OFF) were sent when the target person was detected by the motion sensors.
The temporal sequences of these activations indicated the daily routine patterns of the
inhabitants. Similarly, authors in [26] detected the differences in ADL patterns in elderly
with dementia, highlighting a significant discontinuity in activities like eating and sleep-
ing in cognitive impaired subjects compared to healthy subjects by using sensors placed
on drawers and domestic appliances.
Body-worn sensor systems have the ability to measure body-activity and body-mobility
as they are positioned directly on the human body. Accelerometers are an example of
this type of technology, as they can be positioned on the human body to detect activ-
ity by measuring (linear) accelerations in bodily movements [28]. Applications with ac-
celerometers include fall detections [29], and gait quality detection [30]. In recent years,
due to the progress of signals’ quality as well as chips’ size, wearable sensors have be-
come reliable in the measurements of physiological signals (e.g. heart rate and body
temperature). Authors in [31] designed a wearable device to monitor the heart rate and
body temperature providing emergency assistance for the elderly. Authors in [32] utilize
measurements from wearable sensors such as galvanic skin response (GSR), and skin
temperature in conjunction with ambient sensors to measure the patterns of sleep and
stress of people affected by dementia.
Video based monitoring is another popular solution for AAL systems. The image signal is
rich in information and, therefore, can be used to retrieve important information about
daily life [33]. One disadvantage of this technology consists in being difficult to accept by
the senior citizens due to its intrusive nature. Video based systems have been proposed
with different goals, from broad descriptions of events [34] to fine-grained definition of
daily-life actions [35]. For example, authors in [36] use video data for weakly supervised
segmentation and detection of ADL in long video sequences. As the human supervision



2

28 2. INTRODUCTION TO STATE-OF-THE-ART AUTOMATIC HUMAN BEHAVIOR ANALYSIS

of long videos is a tedious task, the broad segmentation and recognition of ADL are es-
sential tasks for real-world smart systems. Similarly, authors in [34] study the semantic
summary of activities and daily patterns using human motion analysis.

The automatic understanding of daily activity patterns is a crucial task in healthcare
as it allows the detection of changes in the subjects’ life. For this reason, the ICT4Life
project aimed to create smart monitoring systems able to detect abnormal events in el-
derly with dementia. As society is steadily aging, the number of senior citizens with re-
lated diseases is increasing as well. On top of this, a quite common phenomenon is that
individuals with early dementia live by themselves or spend many hours alone in hospi-
tals or daily care centers. One of the most common symptoms in dementia and, more
in particular, Alzheimer’s, is that the patient wanders in a disoriented manner. This phe-
nomenon is very dangerous as it can cause important accidents such as falling down or
getting lost outside their home.

Continuous monitoring systems have been shown to be of great help in the detection
of these dangerous events. Authors in [37] use trajectory features to detect movements’
patterns associated with confusion states. In order to reach a certain destination, signs
of wandering can be detected when patients take random and inefficient travel paths in-
stead of a direct one. Similarly, authors in [38] analyzed walking path and motion energy
over time for the detection of wandering behaviors. Results showed that walking path of
confused subjects contains circular segments and overall, patients showing confusion
states walk slower than a person without confusion. In Chapter 3 and Chapter 4 we will
explain in detail the monitoring solution built in the ICT4Life platform.

2.8. VISION-BASED SMART SURVEILLANCE
Tackling automatic vision-based surveillance remains a challenging topic within the com-
puter vision community [39, 40]. Many tasks such as object tracking, manual annota-
tions, multiple cameras integration, still remain to be fully solved. Monitored scenes
such as busy road intersections or public spaces are highly complex, hence, plenty of
works have been proposed using different types of cameras, modalities, and system ar-
chitectures. An important component of any automatic surveillance system is tracking,
which has been addressed using a wide variety of methods. Depth sensors (such as Mi-
crosoft Kinect or Intel sensor) were released in order to be able to achieve considerable
tracking performance in a convenient and low-cost embedded system. The tracker can
detect and track up to 25 human body joints in up to 6 subjects at the same time, and it
works by classifying each pixel of the depth image as part of a joint using trained decision
forests [41].

Another popular tracking approach is Kalman filtering [42], which estimates the ve-
locity and the unknown state of an object by modelling the statistical characteristics of
the system in combination to noise measurements. However, these tracking algorithms
rely heavily on people/objects detection and segmentation, and therefore, can be sensi-
tive to noise and occlusions. Optical flow [43] was proposed to track motion dynamics
between consecutive frames, by looking at the image intensity as a function of space and
time. Optical flow methods showed to be useful for the understanding of moving crowds
and when targets’ motion is explicit. However, important challenges such as camera mo-
tion sensitivity and background motion still need to be tackled [44]. When the tracking
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algorithms lose the tracked target, only short consecutive fragments of motion can be
extracted. These fragments of information are called tracklets and, tracklet-based meth-
ods are a trade-off between object-based tracking and optical flow-based approaches
[45]. In the next sections, we will introduce the state-of-the-art algorithms related to our
research on behavior motion understanding.

2.8.1. TRAJECTORY BASED ANALYSIS
Once tracking information has been extracted over time, several features have been pro-
posed to describe motion events. A set of simple heuristics can be used on the extracted
motion information. Histogram of Oriented Flow (HOF) [46] is probably the most fa-
mous example, where flow information is discretized in predefined histograms. The
components of the optical flow’s output I w = (I x , I y ), denoting the estimated motion
in the 2D image w = (x, y), are treated independently. The gradient’s information is ex-
tracted separately, and, through a weighted vote strategy, is discretized into local orien-
tation histograms (in the same way as for the Histogram of Oriented Gradient (HOG)
[47]). Following the same concept, the Histogram of Tracklets (HOT) [45] was proposed
to quantize the magnitude and orientation information contained in short trajectories
(i.e. tracklets). HOT has been shown to create an intermediate feature layer able to cap-
ture the dominant motion over a short period of time. Unlike HOF, which estimates
motion over two consecutive frames, HOT utilizes longer range motion trajectories es-
timation. The extraction process is described in Figure 2.7. Tracklets are fragments of
complete trajectories generated when the tracking algorithm, due to detection failures,
stops to track the target (Fig. 2.7 (a)). More formally, a tracklet can be represented as a
sequence of points in time, tr n = [pn

1 , .., pn
t , .., pn

T ], where, each pn
t is a sequence of 2D

coordinates (xt , yt ) over a sequence of frames t1, t2, ..,T for a certain individual n.
As different regions of the scene usually contain different motion patterns, authors in

[45] utilize spatio-temporal cubes Sx ×Sy ×T to encompass all the tracklets in the data.
The cuboids do not overlap spatially (Sx ,Sy ), but only temporally (T ). For each cuboid,
inspired by HOF, the gradient magnitude (Fig. 2.7 (a)) and orientation (Fig. 2.7 (b)) is
computed and quantized independently in histogram bins (Fig. 2.7 (c)). In equations
2.11 and 2.12 the features calculation is shown in detail. To compute the orientation
values, the authors use only the entry and exit points of each tracklet in each cuboid (Eq.
2.11). On the other hand, magnitude values are calculated between consecutive points
within given cuboids, however, only the maximum value is stored in the final histogram
(Eq. 2.12).

Θi ,s = ar ct an
(y i ,s

end − y i ,s
beg i n)

(xi ,s
end −xi ,s

beg i n)
(2.11)

M i ,s = max
t ,t+1∈T

√
(xi ,s

t+1 −xi ,s
t )2 + (y i ,s

t+1 − y i ,s
t )2 (2.12)

where (i , s) refer to the point of tr n that intersect with the cuboid s, and xi ,s
beg i n , y i ,s

end
indicate the entry and exit points of tracklet i in/from cuboid s. The authors quantize
the obtained orientation values in OR = 8 bins and the magnitude values in MA=3 bins.
Finally, the two histograms are concatenated to obtain a feature matrix of size OR ×M A



2

30 2. INTRODUCTION TO STATE-OF-THE-ART AUTOMATIC HUMAN BEHAVIOR ANALYSIS

Figure 2.7: Histogram of Tracklets (HOT) proposed by [45]. For each trajectory segment called tracklet (a)
The gradient magnitude and orientation is computed (b) Magnitude and orientation values are quantized in
histogram bins (c).

(Fig. 2.7 (c)). An advantage of using histograms to learn trajectory motion is that they are
built using a discrete fixed size, being independent from the length of the motion events.
Several surveillance applications were proposed using these methods, such as Abnormal
behavior detection and crowd motion analysis [45]. However, one main disadvantage of
histogram-based approaches is that they do not consider the dynamic characteristics of
motion.

Modeling the progressive evolution of motion is important because it allows to ob-
tain more fine-grained information about complex movements such as human activ-
ities, and behavior intents [48]. There exist several approaches to learn the temporal
dynamics of motion, however, in this thesis, we will cover mainly two: Neural Network
based temporal learning, and probability based temporal learning.

In the last years, deep-learned motion features have shown valuable performances
making use of different architectures such as CNN [49, 50], Autoencoders [51, 52] and
Long Short-Term Memory networks (LSTMs) [53, 54].

The most straightforward NN solution when dealing with temporal data is RNN and
LSTM networks (described in Section 2.4). Authors in [54] propose an LSTM framework
for trajectory prediction and abnormality detection. The authors define the problem as
a sequence to sequence prediction. In addition to the trajectory sequence, learned using
the LSTM, a set of attention models is added to encode the neighbour’s influence on the
predicted path of the pedestrian of interest.

LSTM networks showed limitations when learning both short-term as well as long-
term relation within sequences, hence, authors in [53] create an augmented long-term
memory, proposing a tree memory network that hierarchically selects useful informa-
tion of the past. Useful information is defined as historical behaviors that show similar
contexts and evolution to the current information. Specifically, the authors hierarchi-
cally map the memory with a bottom up tree structure. All historical states are repre-
sented in the bottom layer of the tree, and, as progressing up the hierarchy, the most
significant features are concatenated to predict the output at a particular time step.

In order to encode the spatial and temporal information at the same time, several
works proposed the use of convolutional operations to efficiently model them. Authors
in [49] built a behavior-CNN to learn the distribution of the past path to predict future
pedestrian walking paths. The input to the system is pedestrian walking paths in previ-
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ous frames obtained using tracking frameworks. Walking paths are then encoded into a
3D displacement volume D = X ×Y ×t , where [X ,Y ] is the spatial size of the input frames
and t indicates a time-window. Behavior-CNN takes the encoded displacement volume
as input and predicts an output displacement volume for all the pedestrians simultane-
ously. A behavior decoding scheme then translates the output displacement volume to
future walking paths of all individuals.

Physical obstacles present in the scene obviously influence human walking paths. To
tackle this challenge, methods like the one proposed in [50] use the encoding power of
CNNs to learn regions suitable for walking. This method proposes two CNNs to encode
the spatial as well as the orientation dynamics of moving objects. The first CNN esti-
mates rewards of local regions by comparing similarity between the patch of the target
and surrounding patches. The second CNN estimates the future orientation of the ob-
ject. At testing time, the future path is estimated as an optimization problem of planning
a path with the lowest cost (where the cost is determined by obstacles in the scene).

Autoencoders constitute a powerful tool that can be used to learn temporal sequences
in an unsupervised fashion. Authors in [52] propose an autoencoder framework to learn
regularity in video sequences. The model learns to reconstruct the motion signatures
present in regular videos with low error, while, it fails to accurately reconstruct irregular
motions. In other words, the autoencoder reconstruction error can be used to model
regular dynamics and detect abnormal dynamic changes.

Autoencoders can be also transformed in generative models. Examples of them are
Variational autoencoders (VAE) and Conditional Variational Autoencoders (CVAE). Gen-
erative AEs have the advantage of estimating the probability distribution of future sam-
ples given the past data. For example, authors in [51] use a CVAE aiming to learn a con-
ditional probability distribution of future trajectory outputs given trajectory historical
observations.

Modelling future trajectory path as a probability problem is one of the most explored
approaches as it allows to mine recurrent activities with much less training data in re-
spect to NN models. Authors in [55] aim to model the motion and interaction between
groups of stationary and moving pedestrians. A general energy map is proposed to learn
the traveling cost from, and to, each location of the scene. Regions with higher energy
values denote that pedestrians can travel through these locations more easily producing
greater motion energy. Lower energy values indicate locations with lower occurrence
probability. For example, areas near an obstacle or inside a stationary crowd group are
difficult to walk through. Finally, for every pedestrian, the most probable walking path
based on the energy map is generated simulating the pedestrian decision making pro-
cess.

The study proposed by [56] uses a hierarchical Dirichlet process to associate co-
occurring motion attributes such as speed, orientation, and location, to activities. First,
trajectories are clustered into a finite set of activities. Second, the trajectories in the clus-
ters are modeled using the posterior Bayesian probability for applications in anomaly
detection and path prediction. In the study of [57], a hierarchical architecture on trajec-
tory data is used for semantic region discovery. The authors adopt the concept of a hier-
archically linked infinite hidden Markov model, which can capture the temporal depen-
dency between adjacent observations detecting regions of the scene that have seman-
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tic power. As different regions are likely to show different motion patterns, discovering
regions connected to certain semantic behaviors can be helpful in several surveillance
applications.

Trajectory information has been shown to provide useful cues for several computer
vision applications. In this thesis, we propose novel architecture that aim to contribute
to the task of motion modelling as well as motion understanding in different scenar-
ios. Within these tasks, there exist several challenges that are far from being solved. For
example, in Chapter 3, we will present novel spatio-temporal features that allow us to ex-
tract high level motion information such as stationary behaviors (sitting, working at the
desk) as well as active behaviors (walking, exiting the space). This information will be
mapped to a video-based surveillance system that detects normal vs. abnormal behavior
in different situations. In Chapter 4, we will improve the embedding of spatio-temporal
motion features using Autoencoders, and we will tackle the real-time prediction of future
trajectory paths.

2.8.2. SURVEILLANCE DATASETS USED IN THIS DISSERTATION

Trajectory analysis from surveillance cameras is a topic that received much attention in
the last decade. Consequently, several public benchmarks were proposed to tackle chal-
lenges like abnormal behavior detection and crowd flow understanding. In this thesis,
we take into consideration three different public surveillance datasets: the Long-term
Observation of Scenes (with Tracks) or LOST dataset [11] containing outdoor scenarios,
the GC dataset [55], collected in the Grand Central Train Station in New York city, and
VIRAT Surveillance Dataset Release 2.0 [58]. LOST [11] is a publicly available dataset that
includes 24 streaming outdoor web-cams from different locations in the world. Trajec-
tory information as well as the bounding box of moving objects were extracted over a
long period of time (more than 1 year). The reason we chose to analyze our proposed
methodology on the LOST dataset is because it offers long-term tracks in different out-
door scenarios, while there is limited research work dealing with abnormal behaviour
detection on it (Figure 2.8b). We follow the same experimental setting used in [59], by
analyzing only two cameras, “camera 001” (Ressel Square, Chrudim, Czech Republic)
and “camera 017” (Havlickuv Brod, Czech Republic).

In [55], a large-scale dataset with pedestrian walking routes is described and made
available. The GC dataset is collected from the Grand Central Train Station in New York
city (Figure 2.8a). A surveillance video of one hour was manually annotated as ground-
truth. The data contains 12,684 pedestrians with an average of 123 pedestrians in each
frame. For each individual, the complete trajectory from the time point a pedestrian
enters in the scene to the time he/she leaves is labeled. This allows long-term trajectory
prediction experiments that take into account source and destination of pedestrians.

VIRAT [58] is a public dataset collected in multiple outdoor scenes, where different
objects (i.e. vehicles, pedestrians) are recorded in cluttered backgrounds (Figure 2.8c).
Data was collected in natural scenes showing people performing normal actions in stan-
dard contexts, with uncontrolled, cluttered backgrounds. It contains two broad cate-
gories of activities (single-object and two-objects) which involve both humans and vehi-
cles.

As trajectory datasets containing normal/abnormal events in private indoor envi-
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(a) New York GC Dataset [55]
(b) Long Observation of the Scene
(LOST) Dataset [11]

(c) VIRAT dataset [58]

Figure 2.8: Data examples extracted from the surveillance datasets used in this dissertation

ronments are difficult to find, we recorded a dataset by tracking people in an office room
during working hours using the Microsoft Kinect Sensor (SDK 2.0). This dataset (called
KIMOFF) was only used for initial experiments in Chapter 3 and, therefore, was not made
public. KIMOFF contains data trajectory belonging to the head joint due to the camera
position and the context of the experiments (an indoor environment where people are
often sitting at their desk and half of the body is occluded). Trajectories from twenty-four
working days were recorded from 9 a.m. to 6 p.m., workers were aware of the camera but,
as only trajectory points were saved, their privacy was not invaded. The workers acted
normal, as the purpose of the recordings was to capture a real-life situation and not ar-
tifacts.

2.9. HUMAN MOTION ANALYSIS
Human motion recognition is one of the most important challenges in the computer vi-
sion community because of its great applicability in several real-world challenges, such
as video surveillance and activity recognition [60]. In Section 2.8.1, we introduced trajec-
tory based methods that provide meaningful insights about motion towards a direction
and its associated intents. Although trajectory data is important for general surveillance
applications, it does not provide rich information about the articulated motion of the
human body. Therefore, in this section, we will introduce human body posture related
features (namely, skeleton data), which provide more fine-grained insights about human
body motion and actions.

The automatic recognition of handing an object to another person, playing sports, or
simply walking in a crowded environment would be extremely challenging without the
understanding of how the human body moves [61]. In the past years, several features
have been adopted to investigate human body motion, including RGB-based pose fea-
tures, depth-based pose features and skeleton-based pose features among others. Skele-
ton pose estimation has been shown to be more robust to noise and occlusions [41].
Additionally, it provides semantic indexing of human body parts, allowing an easier in-
terpretation of actions’ movements and sub-movements. Hence, in this thesis, we will
base our human motion models mainly on skeleton-based features.

2.9.1. SKELETON-MOTION FEATURES
As human behaviors have a temporal evolution, a plethora of models focus on the inves-
tigation of skeleton joints dynamics using temporal models such as LSTMs, and Gated
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Recurrent Units (GRUs). The authors in [61] address the short-term motion prediction
of skeleton sequences using a sequence-to-sequence (seq2seq) architecture. The stan-
dard structure of seq2seq frameworks involves two networks, firstly, an encoder receives
the inputs and generates an internal representation and secondly, a decoder network
takes the internal state and produces a maximum likelihood estimate for the prediction.
Additionally, the authors explore training a single model to predict motion for multiple
actions, in contrast to building action-specific models. While modelling multiple actions
is a more difficult task than modelling single-action sets, this allows the network to ex-
ploit regularities between human motions gaining higher semantic knowledge.
Authors in [62] represent the complex motion of humans over spatio-temporal graphs
and model them with an RNN framework. Spatio-temporal graphs are used to impose a
high-level structure to the motion (i.e. related motion of arms and legs during walking),
while a RNN is used to learn all the relations within the graphs (i.e. edge node connec-
tions). This approach has the advantage of utilizing structured components in which do-
main experts can inject their high-level knowledge in the learning frameworks. Despite
the evident temporal power of RNN models, their generalization ability is still a research
focus [63]. Specifically, as RNN-based methods use only series of coordinates of skele-
ton joints, a considerable portion of RGB information is discarded. To overcome this
issue, data augmentation and transformation strategies have been proposed. Authors
in [63] extend traditional LSTM networks presenting an LSTM-AE framework for spatial-
temporal data augmentation. In the LSTM-AE topology, the LSTM network preserves the
temporal information of skeleton sequences, while the autoencoder architecture is used
to filter irrelevant and redundant information. Similarly, authors in [64] propose an AE
framework to learn a nonlinear reduction of movement primitives. The AE constraints
force the model to learn smoother and denoised movement representations, while also
missing values (e.g. due to occlusions) can be reconstructed using the learned latent
space.

As the latter examples show, data augmentation using image information yields an
improved representation of temporal dynamics. In this direction, novel strategies have
been explored in order to use powerful tools like CNNs for skeleton dynamics learn-
ing. An interesting approach is to transform human motion values into indexed images,
where the skeleton joints IDs are mapped onto the y-axis, while their temporal evolution
is mapped onto the x-axis.

Authors in [65] propose a spatio-temporal representation of skeleton joints called
“image clips” for action recognition. Given a skeleton sequence, the skeleton joints of
each frame are first arranged as a chain by concatenating the joints of each body part.
Four reference joints are chosen, namely, the left shoulder, the right shoulder, the left
hip and the right hip, to compute relative positions of the other joints. These relative
distances reflect the motions of the other joints. For example, the action “punching”
will be represented with an increasing distance between one arm and the stationary ref-
erence points on the body. Finally, as shown in Fig. 2.9(A), the distance values are ar-
ranged as an image. For every joint ID on the human skeleton, depicted on the x-axis,
the frame-by-frame distance evolution is depicted on the y-axis. Each clip represents
short-term temporal skeleton sequences, as well as the local interaction between body
joints. The long-term temporal structure of the skeleton sequence can be effectively
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Figure 2.9: The feature extraction strategy proposed by the authors in [65]. (A) Clip Generation of a skeleton
sequence. The skeleton joints of each frame are first arranged as a chain by concatenating the joints of each
body part. Four reference joints, shown in green, are then used to compute relative positions of the other
joints to incorporate different spatial relationships between the joints. (B) A pre-trained CNN model is used as
a feature extraction step.

learned by using deep CNNs. This strategy allows the authors to use pre-trained CNN
models [66] as a stronger feature extraction tool (Fig. 2.9(B)). Given the generated clips,
a deep pre-trained CNN (VGG19 [66]) is leveraged as feature extractor. The output of the
convolutional layer conv51 is used as the representation of the input frame. This is a 3D
tensor with size 14×14×512, i.e. 512 feature maps with size 14×14. Each feature map
activation in the conv51 layer corresponds to local regions in the original input skeleton
image. Hence, the skeleton temporal information still resides in the feature maps and it
can be extracted from their rows. Specifically, the authors perform a novel pooling strat-
egy, called Temporal Mean Pooling (TMP), applied to generate a compact representation
of the row/temporal dimension with a kernel of size 14×1. Finally, the 512-dimensional
feature maps are concatenated to form a 7168 (14×512 = 7168) feature vector, and fed
into the learning network.

Similarly, the authors in [67] constructed a skeleton motion image to benefit from
pre-trained CNN models. Skeletal images (called Skepxels) are constructed by organiz-
ing a set of distinct skeleton joint arrangements from multiple frames into a single tensor.
Unlike previous works where skeleton joints of a frame were arranged in a column, the
authors arrange them in a 2D grid to take full advantage of the 2D kernels in CNNs. The
temporal evolution of the joints is captured by employing Skepxels from multiple frames
of the sequence into one image. The authors exploit a wide variety of existing CNN ar-
chitectures to effectively process the information in the skeleton frame sequences, such
as Inception [68], and ResNet [69].

Authors in [70] create image descriptors containing joint rotations over temporal
windows. These descriptors are defined like motion textures and treated in a similar
way to images. Each column represents the rotation degree of every joint, and each
row represents time information. Authors define these image descriptors as motion
words embedding a narrow temporal-window of a group of joints. In contrast to sin-
gle pose feature-sets, motion words represent the pose local evolution in time, facili-
tating the learning of spatio-temporal properties of the motion within the framework’s
cost function. Using a deep metric learning based approach, they create an optimized
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latent space where similar motion words are placed in the close vicinity, while different
motion-words are placed further away.

The multitude of methods, as well as the important amount of available data pro-
posed for human motion recognition opens the way to transfer the acquired knowledge
to more general behavior analysis. For this reason, in Chapter 5, Chapter 6, and Chapter
7, we chose to explore the relation between skeleton motion image features and person-
ality attributes.

2.9.2. SOCIAL AND NONSOCIAL INTERACTION

Human motion is influenced both by internal commitments, such as being late for an
appointment, as well as by external factors, such as finding groups of people obstruct-
ing the path. Several studies investigated the influence of the social surroundings on
the prediction of future paths and future behaviors [71, 72]. Authors in [71] propose an
LSTM network which can jointly predict the paths of all the people in a scene by taking
into account common sense rules and social conventions that humans typically utilize
as they navigate in shared environments. In particular, they utilize a “Social” pooling
layer which allows spatially related LSTMs to share their hidden-states with each other.
This architecture was shown to learn the interaction between trajectories that coincide
in time and space. Similarly, authors in [73] construct an LSTM hierarchical model to
embed the person, the social, and the scene information for trajectory prediction. The
motion information of the target pedestrian (speed, acceleration) is modeled at the same
time with the neighbours’ motion information. Moreover, the authors take into consid-
eration the spatial affinity between the target and all the other pedestrians. The spatial
affinity measures the level of influence of the social context on the target pedestrian.

Social interactions are rich in information, revealing characteristics of both single in-
dividuals as well as groups. In [74], the authors propose an RNN based system to model,
at the same time, individual and group activities. The action of an individual in a group
is influenced by the actions of the other individuals within the group. This phenomenon
not only can provide context to recognize the individual actions, but also provides a key
information about the group level activities. They proposed a structural RNN formu-
lated as a two-level hierarchy. The lower level predicts individual actions followed by the
higher level recurrent network that estimates the group activity.

Similarly, in [75], an LSTM system is proposed to model intra-group dynamics (per-
son within a group) and inter-group (group to group) interactions. To model group-
to-group interaction, the authors apply clustering/segmentation method to partition all
human tracklets into spatio-temporal consistent groups. After that, a hierarchical recur-
rent context encoding network is proposed to learn the interactions in the scene. This
model aims to encode single human dynamics (change of appearance and movements),
the intra-group human interactions (poses and neighbors movements), and finally, the
inter-group interactions.

Authors in [72] focus on the relationship between physical and social distance (prox-
emics) in social gatherings. Distance, as a social relation cue, means that people tend to
unconsciously organize the space around them based on different degrees of intimacy.
In other words, the more two people are intimate, the closer they get. Authors divide
the interpersonal distance in different zones of intimacy finding consistent results be-
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tween social group formations and intimacy levels. Similarly, how people use and share
their interpersonal space has been shown to be a discriminative cue for personality un-
derstanding [76]. The authors identify a set of proxemics features such as: minimum
distance to neighbours, velocity, number of persons with whom the target is holding dif-
ferent kinds of relationships, etc. This set of features is used for the prediction of two
personality traits: Extraversion and Neuroticism.

As humans are by nature social beings, behavioral displays have been well explored
during social interaction. However, few efforts have been made towards the understand-
ing of behavioral patterns in nonsocial contexts. This problem has been shown to be
important for applications in domains like Ambient Assisted Living (AAL) and Smart
Homes, where it often occurs that individuals are spending a lot of their time at home
alone.

When it comes to nonsocial behavior understanding, human-object interaction has
been proposed to be an interesting cue that could explain how humans act in nonsocial
contexts. In [77], the correlation between actions and context has been explored, show-
ing how actions are constrained by certain scenes. The authors apply bag-of-feature
approaches (i.e. SIFT, HOG, HOF) on both human motion and context. Results show
that automatically extracted context descriptors improve the action recognition task.

Similarly, authors in [78] propose to model the mutual context between objects and
human poses in human-object-interaction activities such that each can facilitate the
recognition of the other. Specifically, two contextual pieces of information are consid-
ered: 1) The co-occurrence context models the co-occurrence statistics between objects
and specific types of human poses within each activity. 2) The spatial context, which
models the spatial relationship between objects and different human body parts. Re-
sults show that these features improve the performance of both object as well as action
recognition.

Following these studies, in Chapter 6 and Chapter 7, we will study the relation be-
tween Person-Context interaction dynamics and behavioral patterns in social and nonso-
cial environments.

2.10. PERSONALITY COMPUTING
Extensive studies in the field of psychology showed that attitude, mood, and personality
are directly connected to human behavioral patterns [79]. Since these human charac-
teristics are often subtle, the affective computing field still faces several challenges in
order to transfer theoretical models into computational frameworks. Authors in [80],
in their introduction to personality computing, define personality as: “a psychological
construct aimed at explaining the wide variety of human behaviors in terms of a few, sta-
ble and measurable individual characteristics. In this respect, any technology involving
understanding, prediction and synthesis of human behavior is likely to benefit from Per-
sonality Computing approaches”. All personality computing works face three main chal-
lenges, namely personality recognition (i.e. recognition of the personality assessed via
self-ratings), personality perception (i.e. personality that others refer to a given individ-
ual), and personality synthesis (i.e. generation of personality in artificial entities). How-
ever, as stated by authors in [81], neither the self nor the other possesses all the necessary
info for adequate personality ratings, and both can support each other for the prediction
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of important life outcomes.
Personality recognition aims at the automatic recognition of individuals’ person-

ality annotated using self-assessment questionnaires. In this approach, accurate self-
knowledge of personality, defined as how individuals are aware of their behavioral pat-
terns, is the key assumption. To assess individuals’ personality, questionnaires or tests
such as the Big Five Inventory (BFI) [82] are traditionally administered. Personality ques-
tionnaires usually investigate how much agreement one would give to certain situations,
where each situation is associated with a personality dimension. Self-assessed person-
ality labeled datasets are more rare to find in the personality computing field, this is due
to the fact that the experimenters not only have to recruit several participants, but they
have to find participants willing to share their personality scores.

On the other hand, personality perception is based on the personality labels that
other individuals attribute to the target individual. One of the main disadvantages of
this approach is the externalization effect [81]. This effect highlights that some per-
sonality aspects are expressed more externally than others and, therefore, are likely to
be more visible to third-party raters. For example, the Extraversion trait is one of the
most interpersonal of the traits, and the way it is defined and measured often emerges
in overt behaviors. To assess personality perception labels, researchers assign the per-
sonality questionnaire regarding a target individual to external raters. Usually, several
voters evaluate the same individuals and agreement analysis is used to obtain the final
personality scores.

Several works involving different technologies (i.e. text mining, video analysis, audio
analysis) have been proposed for personality computing. However, in this thesis, we will
mainly focus on methods that map video features to personality labels. As this thesis
aims to extend the understanding of behavior’s dynamics and intents, we believe that
the study of human attitude and personality can help in the definition and the inter-
pretation of more meaningful semantic behavioral patterns. Hence, in this section, an
introduction of state-of-the-art methods that tackled the personality recognition chal-
lenge is given.

2.10.1. PERSONALITY RECOGNITION

As video data provides a rich set of information about human behaviors, several re-
searches focused on the extraction and mapping of visual features to personality labels.

In controlled environments, audio features can also be added to visual cues for a
multimodal analysis of personality. For example, in the popular challenge named “First
Impressions” [83], several works utilizing video and audio features were proposed. The
goal of the data was to automatically evaluate the personality of subjects for a job screen-
ing application. Video and audio data contain the participants in a portray format (one
unique person as foreground at a fixed distance from the camera). Personality traits la-
bels were established using the perceived personality strategy (how others perceive the
personality of the target individual). Using this dataset, authors in [84] propose two sepa-
rate networks to encode video and audio features. Finally, the authors employ a two-step
late fusion for personality prediction.

As stated before, audio and face features are best exploited in controlled environ-
ments as they are sensitive to camera positions, as well as to privacy restrictions [85].
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For example, face detection, and consequently, face analysis becomes very difficult using
surveillance cameras due to their high position. To overcome this obstacle, we started
to shift our attention towards other indicators of human personality such as body mo-
tion as well as body postures and gestures. Body gestures are one of the most important
forms of nonverbal communication. They include movements of hands, head and other
parts of the body that allow individuals to communicate a variety of feelings, thoughts
and emotions [86].

Authors in [87] showed that the upper body motion of public speakers is a good pre-
dictor for personality. A set of body motion features such as high/low velocity, variation
in motion directions, and movements’ amplitudes are extracted from video data. Results
showed several correlations between body motion activity and personality traits. Speak-
ers exhibiting periods of low activity interrupted by periods of high activity tended to
be perceived as highly agreeable. While speakers showing a high overall motion activity
were found to have high values of extraversion.

Body pose features proved their efficiency in discovering the emergent leadership in
small groups [88]. For examining social interactions in meetings (such as for emergent
leader detection, leadership style prediction and classification of high/low extraversion),
the authors utilize short-term motions extracted using optical flow. A hybrid CNN model
which takes optical flow images as inputs, is adapted for feature extraction. The obtained
final features are used for the detection of various social interactions using the Localized
Multiple Kernel Learning (LMKL) classifier for the prediction of High/Low Extraversion
labels.

Authors in [89] investigate personality displays during a human-human-robot inter-
action using multimodal sensors data. Video-based features, as well as audio and physi-
ologic signals were used to study the different interaction settings. This study provides a
novel point of view on the personality domain as it aims to predict subjects’ personality
by comparing two types of interactions: human-human interaction and human-robot
interaction. Another work that examines multimodal data for personality recognition is
the one described in [90]. In this study, individuals’ and groups’ affective responses were
recorded and analysed while watching emotional videos. This study tackles important
challenges in the personality computing field such as comparing the human affective
behavior when alone or in groups.

Many researchers have tested the perception of affective states through dance, which
allows to have a set of controlled expressive body movements [91]. Authors in [92] report
the following cues as highly expressive dance movements: changes in tempo, directional
changes in face and torso, frequency of arms up, duration of arms away from torso , mus-
cle tension, and duration of time leaning forward. Authors in [93] suggest that the dura-
tion of the movement, the quantity of the movement (the amount of observed movement
relative to the velocity and movement energy represented), and contraction index (mea-
sured as the amount of body contraction/expansion) play key roles in the perception of
affect from dance movements.

Without considering the motion itself, solely the information of body postures and
head positions can provide an indication of certain attitudes. Authors in [94] studied
face-to-face conversations and free-standing conversational groups (FCGs) in a social
environment. Several interesting findings were described. High extroversion trait was
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Figure 2.10: Data example showing two camera views included in the SALSA Dataset [94]

found to be highly correlated with body postures predisposed towards face to face con-
versations. In other words, more extraverted targets appear to adopt a more “open” body
pose towards others and therefore, establishing more face-to-face interactions. Agree-
able subjects were found to have a tendency towards engaging in face-to-face interac-
tions with a higher number of people within highly connected clusters of people.

Following these studies, in Chapter 5, Chapter 6, and Chapter 7, we aim to study
behavioral patterns and their relation with personality assessment scores in diverse real-
world situations.

2.10.2. PERSONALITY DATASETS USED IN THIS DISSERTATION

In this thesis, we aim to study human behavioral patterns in unconstrained scenarios.
Furthermore, one of the main contributions is to use insights from personality psychol-
ogy to improve the computational understanding of human intents and behaviors. In
this context, the dataset introduced by the authors in [94], called the SALSA dataset,
is explored extensively in our experiments. The SALSA dataset is designed for multi-
modal and Synergetic sociAL Scene Analysis. It contains multimodal data from two
social events (30 minutes each) in an unconstrained indoor scenario. Video data was
recorded from 4 cameras placed at each corner of the room, and ground truth positions
of the subjects’ movements were provided every 45 frames (Fig. 2.10). It consists of two
parts, the first part was recorded during a poster presentation session, and the second
one was recorded during the coffee break, where all the participants were allowed to
freely interact with each other (this part is named cocktail party). The two parts con-
tain the same participants and their personality scores were collected using the Big-Five
personality questionnaire [95].

The majority of existing methods investigate personality assessment in social con-
texts, such as crowded places or social events. However, they ignore the role of behaviors
as well as personality in nonsocial situations (i.e. activities when individuals are alone).
Therefore, in this thesis (Chapter 5), we introduce a novel benchmark dataset, called
“Nonsocial dataset”, for enhancing personality recognition in nonsocial scenarios. We
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also highlight the need for interdisciplinary research, between psychology, computer vi-
sion and affective computing, for enhancing the ability to understand and automatically
recognize human personality on novel and unconstrained datasets.
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MOTION PATTERN DISCOVERY AND

PATH PREDICTION

This chapter is based on the following publications:

• D. Dotti, M. Popa, and S. Asteriadis, “Unsupervised discovery of normal and ab-
normal activity patterns in indoor and outdoor environments”, in VISIGRAPP (5:VIS-
APP), pp. 210–217, 2017.

• F. Alvarez, M. Popa, V. Solachidis, G. Hernandez-Penaloza, A. Belmonte-Hernandez,S.
Asteriadis, N. Vretos, M. Quintana, T. Theodoridis, D. Dotti,et al., “Behavior anal-
ysis through multimodal sensing for care of parkinson’s and alzheimer’s patients”,
IEEE Multimedia, vol. 25, no. 1, pp. 14–25, 2018.

3.1. INTRODUCTION
Automatic monitoring and interpretation of daily motion patterns has gained popularity
over the last decade, having applications in ambient-assisted living (AAL), surveillance,
and shopping behavior understanding [1, 2]. One of the goals in human behavior un-
derstanding consists in detecting deviations from normal behaviors. Once an object’s
regular activity patterns are learnt, different types of deviations which could be con-
sidered abnormal can be detected. This analysis is useful for behavior understanding
in varying environments, such as private houses, offices, or public spaces [3]. One of
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Figure 3.1: Overview of the proposed system.

the major challenges in behavior understanding is that objects’ motion and behaviors
should be interpreted depending on the context. For example, a pedestrian standing
static on the road could be interpreted as a dangerous event, however, if that road hosts
a street parade and it is closed to vehicles, then it should be considered as a normal event.
As can be noted, behavior understanding presents different goals depending on the sce-
narios it is applied to, for example, if the data contains behaviors from public spaces (city
squares, train stations) the goal could be to detect potentially dangerous situations, such
as violence, crashes or aggression [4]. On the other hand, if the data contains behaviors
from private environments (homes, offices), the goal could be to detect alterations of the
physical or emotional state of individuals for improving their well-being [5].

In this chapter, we propose an adaptive monitoring system, able to work in both in-
door and outdoor environments based on two different sensors: the depth sensor Mi-
crosoft Kinect v2 and standard surveillance cameras. In an office scenario, we aim to
learn repeated patterns of activities, and detect non-expected behaviors 1 (abnormali-
ties). In the outdoor scenario we use the public dataset introduced in [6], where videos
are taken from streaming webcams in different public places capturing the same half an
hour every day for over a year.

Our approach aims to provide an analysis of the monitored environment by extract-
ing spatio-temporal information on motion trajectories. Spatial information describes
the regions which are frequently occupied. Additionally, motion information extracted
from these regions contributes to obtaining high level information such as stationary
behaviors (sitting, working at the desk) as well as active behaviors (walking, exiting the
space) for the indoor scenario. For the outdoor case, motion information is useful at dis-
tinguishing between several moving objects (e.g auto-vehicles or pedestrians), as well
as for identifying usual spatial-motion patterns for each of the objects (e.g. pedestrians
crossing the street in a designated area or not, cars moving on the street and parking
in a parking lot). Furthermore, we obtain an improved and efficient feature representa-
tion, by applying a sparse autoencoder algorithm on top of trajectory features, which we
prove to be useful for representing the expected and unexpected behavioral patterns in

1In the remaining of this chapter, we use the term behavior to denote a set of activities over a short time
interval.
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both indoor and outdoor scenarios.

Manually providing annotation to define what is normal and what is abnormal on
surveillance data is difficult and time consuming. The data is often unbalanced with 99%
of it containing normal events, and only 1% containing meaningful ones. In this chapter,
we investigate an unsupervised approach for obtaining data annotations, by performing
clustering on the extracted features. Our result is a map of the environment organized in
spatio-temporal motion clusters. With this map, we aim to simplify the labeling process
as the final users of the system will have to label k activity patterns instead of all the
individual trajectories. Furthermore, this process can be very useful when the system
needs to be deployed in different environments and the labelling task has to be fast and
generalized.

In this chapter, we propose a model trained to distinguish between normal vs. ab-
normal behaviors using motion information. We compute multiple motion descriptors,
which, along with sparse autoencoders, can lead to optimized results in the analysis of
the behaviors (Fig. 3.1). As ground-truth labels about normal vs. abnormal classes are
difficult to find, for our specific purpose, we facilitate the integration of expert opinion
using clustering. Lastly, we propose a system that can learn an environment from scratch
and, thus, can be easily deployed in new, unknown settings, both indoors and outdoors.

3.2. FEATURE EXTRACTION
Following the flow of activities presented in Fig. 3.1, we first obtain trajectory data from
the tracking algorithm, then, we feed the trajectories to the feature extraction module.
The first step in our feature analysis is to split the scene into 2D regions r1, ..,rR , where
each region corresponds to a part of the scene (see details in Section 3.4.1). For every
region, we extract different types of descriptors which are subsequently used for normal
vs. abnormal behavior recognition.

3.2.1. OCCUPANCY HISTOGRAM (OH)
In an indoor environment, often activities are correlated with regions where they are per-
formed. For instance, we usually work sitting at our desk, whereas meetings are organ-
ised in the meeting area. In this section, we compute the level of occupancy in each im-
age region and use it as a descriptor for behavior understanding. As a first step, similarly
to the analysis described in [7], we count the trajectory points in each non-overlapping
spatial patch to form a region based occupancy histogram. Specifically, in a given time
interval t1, .., tT , we detect and count the trajectory points (x, y) that fall in the spatial
regions (ri ), i ∈ 1, ..R.

3.2.2. ADAPTED HISTOGRAM OF ORIENTED TRACKLETS (AHOT)
Trajectory information heavily relies on detection and tracking algorithms, however, these
algorithms may fail in different circumstances such as occlusions, crowded situations,
poor lighting conditions and so on. Hence, authors in [3, 8] proposed to analyse shorter
motion descriptors called tracklets. A tracklet indicates the movement of a subject, frame
by frame, for a short period of time, and it represents only a fragment of the global trajec-
tory, as the tracking information might be terminated due to ambiguities in the scene.
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M

AHOT

M

Figure 3.2: AHOT descriptor. Orientation and motion descriptors are extracted from every spatial sector of the
scene. The information is quantized in histograms and then concatenated together.

In this chapter, inspired by the Histogram of Oriented Tracklets (HOT) feature ex-
traction algorithm introduced by [3], we propose an adaptation of the HOT features for
extracting statistical information of objects’ motion in the scene. Differently from the
HOT features proposed by [3], where the histogram representation considers only the
maximum motion magnitude among all the tracklets inside a spatio-temporal block (see
details in Chapter 2 Section 2.8.1), we consider the motion characteristics of every track-
let. As HOT features were proposed for modeling crowd behavior, the authors focused
on the maximum motion value in each tracklet. On the other hand, in our approach, we
aim at capturing individual motion patterns. Moreover, as we consider indoor scenar-
ios, where the movements are more controlled due to the limited space, we need more
fine-grained motion information. The calculation of the descriptor is visualized in Fig-
ure 3.2. The scene is spatially divided into non-overlapping regions r ∈ r1, ..rR . Given a
tracklet I , composed by a sequence of 2D coordinates (x I

t , y I
t ), (x I

t+1, y I
t+1), we compute

the magnitude M and the orientation Θ scores as follows:

ΘI ,r = ar ct an
(y I ,r

t+1 − y I ,r
t )

(x I ,r
t+1 −x I ,r

t )
(3.1)

M I ,r =
√

(x I ,r
t+1 −x I ,r

t )2 + (y I ,r
t+1 − y I ,r

t )2 (3.2)

where (I ,r ) represents the portion of tracklet I that intersects with the spatial block
r . Following the original feature structure proposed by [3], ΘI ,r and M I ,r are quantized
independently into histograms with size OR = 8 and M A = 3 bins. The bins of an his-
togram representing the tracklet I is formed by counting the number of ΘI ,r , M I ,r com-
binations in every region r . Finally, every tracklet I is represented by a matrix of size
AHOT I = R ×OR ×M A which encodes its spatio-temporal development.

3.2.3. MOTION DESCRIPTOR SPEED AND CAHOT
To enable a better understanding of the types of behaviors displayed in an outdoor envi-
ronment, we need as an initial step, to distinguish between the moving objects present
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in the scene. This analysis is useful for detecting abnormal behaviors which are differ-
ent across the various types of involved objects such as pedestrians and vehicles. One
intuitive feature that can help in this process is a descriptor that encodes the raw speed
of an object. In particular, given a tracklet I that intersect with the spatial block r for a

sequence of frames t0, ..tT , we calculate the velocity value as vel (I ,r ) = (x I ,r
tT

,y I ,r
tT

)−(x I ,r
t0

,y I ,r
t0

)

T ,

the acceleration value as acc(I ,r ) = vel I ,r
tT

−vel I ,r
t0

T , and the curvature value as k(I ,r ) = 1
r ad

where r ad is the radius between the entry point x(I ,r )
t0

, y (I ,r )
t0

and the exit point x(I ,r )
tT

, y (I ,r )
tT

of the tracklet I in/from the cuboid r . Finally, for every tracklet I in every cuboid r , we
concatenate these three values obtaining a final matrix of size SPEED I = R ×3.

Lastly, as the SPEED descriptor is formed by raw values, namely vel , acc, and k,
we form another descriptor named C AHOT , by quantizing the raw values of SPEED.
Specifically, 8 bins were found for the curvature values, 3 bins were found for the velocity
values, and 3 bins were found for the acceleration values, forming a descriptor of size
C AHOT = 8×3×3.

3.2.4. SPARSE AUTOENCODERS (SAE)
In this chapter, every tracklet is transformed into mid-level descriptors that aim to de-
scribe its spatio-temporal dynamics. However, the spatial as well as temporal informa-
tion inside the descriptors is not equally distributed. For example, there exist spatial
blocks that contain more data than others, or blocks that do not have any data at all (e.g.
blocks on the top part of the image). Therefore, our idea is to obtain a more compact and
meaningful descriptor using Sparse Autoencoders [9]. An autoencoder is a technique
which aims to minimize the reconstruction error between the input and the output in
an unsupervised way (see Chapter 2 Section 2.3 for the theoretical background). It is
useful at estimating the underlying data distribution, and by placing constraints on the
network like sparsity [10], the algorithm can learn meaningful structures in the data.

In particular, given a tracklet I transformed into any of the descriptors
(i.e. AHOT,SPEED,C AHOT ), denoted by X for simplicity, we aim at finding a more
compact representation to use for the final abnormality detection task. We use the en-
coder and decoder structure explained in Chapter 2, Eq. 2.8 and Eq. 2.9 with a SAE loss
function L that can be described as follows:

Lspar se (X ) = L(X , X̂ )+β
J∑

j=1
K L(ρ,ρ′) (3.3)

where L(X , X̂ ) represents the loss function with the goal of minimizing the error be-
tween the input data X and the reconstructed data X̂ . J is the number of neurons in the
hidden layer, and the index j is summing over the hidden units in our network. K L(ρ,ρ′)
indicates a measure of the difference between two probability distributions, and it is
used to add the sparsity constraint to the AE. The sparsity constraint is used to force
most of the hidden units to be close to 0, reconstructing the input using as few features
as possible. In this case, the penalty will be applied on ρ′ when it will deviate too much
from ρ. Finally, parameter β controls the weight of the sparsity penalty.
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3.2.5. UNSUPERVISED LEARNING

The goal of this study is to develop a system useful for detecting normal and abnormal
behavior patterns in unknown environments, in an unsupervised manner. As we do not
have labels for normal/abnormal events in the data, we aim at using an unsupervised
approach to obtain the labels without human intervention. This is particularly impor-
tant for surveillance data where the process of detecting abnormal events is very tedious,
as usually the abnormal events are much more rare than the normal ones. In particular,
we perform clustering analysis on our spatio-motion descriptors X to obtain a clear sep-
aration between different behavioral patterns.

Moreover, as the analyzed datasets contain several moving objects (i.e. pedestrians,
vehicles, etc.), we can use the clustering analysis to detect the different moving objects
in an unsupervised way. We assume that different types of moving objects have to obey
at different regulations, therefore, the definition of the object is critical for the detection
of possible abnormalities.

Finally, the labels obtained in this module are used for training and testing the next
system’s component in a supervised way using the Logistic Regression.

3.3. EXPERIMENTS
The main goal of this chapter is to test our model on the abnormality detection task on
two surveillance datasets (introduced in Chapter 2 Section 2.8.2). The Long-term Ob-
servation of Scenes (with Tracks) or LOST dataset [6] contains trajectory data recorded
in outdoor public spaces such as city squares or road intersections. This dataset pro-
vides trajectory coordinates as well as bounding box information of the detected objects.
However, the objects’ labels are missing.

Consequently, for the LOST dataset, we first apply a clustering technique on the com-
puted features to differentiate between pedestrians and auto-vehicles data in an unsu-
pervised way (Section 3.3.1). This step gives us the objects’ labels for the definition and
detection of normal/abnormal events (3.3.2).

Furthermore, in this chapter, we present KIMOFF (kinect-monitoring-office), a dataset
created by monitoring an office environment, during working hours, for twenty-four
days. KIMOFF contains trajectory coordinates belonging to the head joint of the tracked
workers.

3.3.1. PEDESTRIANS VS. AUTO-VEHICLES LABELING IN THE LOST DATASET

Defining an abnormal behavior model on the LOST dataset can be very challenging
given the big changes of the analysed environments during long-term recording. Imag-
ine a public square that in different times of the year hosts different events (food festival,
Christmas market etc) and therefore, special regulations are defined. Moreover, the va-
riety of moving objects also has to obey different regulations. For example, cars are not
allowed to drive in the center of the square, whereas bikes and pedestrians can. Our first
task is to separate the trajectories belonging to pedestrians from the trajectories belong-
ing to vehicles using the feature descriptors introduced in Section 3.2.

As there do not exist ground-truth annotations that indicate the types of object in the
scene, we aim at estimating them using the bounding boxes information provided in the
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dataset. In particular, we compute the aspect ratio of each bounding box to assign the
label “vehicle” if the longer side is horizontal and we assign the label “pedestrian” if the
longer side is vertical.

Table 3.1 shows the prediction accuracy between pedestrians and vehicles using dif-
ferent descriptors and the Logistic Regression. In “Camera001”, the SPEED descriptor
obtains the best result, as it embeds information which is more robust to the cluttered
scenario. Orientation information embedded in the AHOT and CAHOT descriptors be-
comes less crucial when the vehicles are allowed to go almost everywhere, during the
events. On the other hand, in “Camera017” CAHOT and AHOT descriptors perform bet-
ter than SPEED because vehicles follow the same path, information which is captured by
the orientation and curvature features. Next, because abnormality has different mean-
ings for each of the classes, we will treat them separately as input to the abnormal be-
havior detection module.

Descriptors Camera001 Camera017

SPEED 83.5% 85.5%
AHOT 82.7% 87.6%
CAHOT 82.8% 87.7%

Table 3.1: Pedestrian vs. Auto-vehicles prediction accuracy

Fig. 3.3 depicts the separation between vehicles and pedestrians in the two analyzed
scenarios. In Fig. 3.3a the spatial separation between the two classes is less clear than in
3.3b due to the many events that take place in the square. In fact, during these events,
trucks are allowed to enter the square for commercial or construction purposes.

(a) “Camera001” (b) “Camera017”

Figure 3.3: Two scenes belonging to the LOST dataset. Color red indicates the vehicles trajectories, color blue
indicates pedestrian trajectories.
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3.3.2. LABELING OF NORMAL AND ABNORMAL EVENTS

For each dataset, for each object’s type, we apply mean-shift clustering on every descrip-
tor. The best number of clusters is chosen applying user knowledge, as the clusters have
to reflect the human interpretation of the scene. This is a key point in our system, as
instead of manually labeling each trajectory sample, we allow the users of the system to
validate the clustering results as well as defining what is normal and what is abnormal
for the considered scenario.

In Fig. 3.4 we present an example of the obtained clustering result on both datasets,
using the AHOT descriptor. The different colors belong to different activity patterns. For
the KIMOFF dataset depicted in Figure 3.4a, for visualization purposes, we only show
the 3 most populated clusters. The red color indicates the regions of the scene where
big movements are found (e.g. corridor area and the door), which are transition areas.
Green indicates the regions of the scene where light movements are detected, including
areas close to the desks, where activities such as standing up, sitting down, or stretching
are observed. Finally, blue indicates the regions where no-movement is detected, being
restricted to the regions close to the computers, where usually people do not move too
much because they are focused.

Figure 3.4b shows the clustering result of the pedestrian trajectories in the outdoor
scenario. Pedestrians can be observed in all regions of the scene. However, they should
follow the road regulations performing actions like crossing the street only in the per-
mitted areas. Following this regulation, we chose the clusters that contained deviations
from the permitted behavior and labeled them as abnormal behaviors.

The results obtained are satisfactory, as they can be interpreted in a meaningful way,
highlighting that both spatial regions and motion information are important to define
activity patterns. Given the semantic interpretation of these clusters, we define a bi-
nary classification problem (normal vs abnormal), selecting clusters that present un-
usual motion patterns as abnormal. A binary Logistic Regression is used for the training
and testing of the model.

(a) Indoor scenario (b) Outdoor scenario

Figure 3.4: Unsupervised semantic interpretation of the scene.
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3.4. EXPERIMENTAL RESULTS

3.4.1. ABNORMAL BEHAVIOR PREDICTION PERFORMANCE
In this section we present the analysis of the performed experiments, for detecting nor-
mal vs. abnormal activity patterns, using the features described in Section 3.2. An im-
portant parameter in our analysis is represented by the spatial division of the scene in
R regions. As the indoor dataset (KIMOFF) was recorded using Microsoft Kinect V2, the
scene was divided using three dimensions (i.e. height, width, depth). The best division
was R = (8×6×2). In the outdoor scenario, the scene was divided using two dimensions
(height and width), and the best division was R = (8×6). In the binary classification ex-
periment, 80% of the data is used for training, and 20% is used for testing in a 5 fold cross
validation setting

Table 3.2 displays the results obtained for the proposed feature descriptors using Lo-
gistic Regression. As expected, the motion related descriptors obtain higher results in
the outdoor scenario than in the indoor one, and vice versa, density based Histogram
(OH) obtains the highest result in the indoor scenario. The best result in both scenarios
is obtained by applying the Sparse Autoencoder algorithm (SAE) on top of the adapted
histogram of oriented Tracklets (AHOT). The feature representation obtained using the
learned hidden layer parameters, introduced in Section 3.2.4, is beneficial as it helps
at increasing the accuracy of the classification method in relation to the raw features.
In fact, in Table 3.2 we highlight that the augmented features obtained by applying the
SAE algorithm, reach higher accuracy than raw features in all the cases. Moreover, once
trained, the autoencoder algorithm is useful at compressing the feature vectors, by es-
timating the underlying feature distribution and decreasing the processing time in the
case of real-time applications. The best results are obtained for the SAE algorithm, using
J = 100 hidden units, hence drastically decreasing the size of the AHOT and CAHOT raw
descriptors. The number of hidden units was found experimentally, using 10-fold cross
validation.

Descriptors KIMOFF Dataset LOST Dataset

SAE(AHOT) 98.4% 98.7%
AHOT 96.5% 97.5%
SAE(CAHOT) 86.1% 98.3%
CAHOT 85.2% 94.2%
SPEED 80.1% 97%
OH 97.4% −

Table 3.2: Abnormal behavior prediction F1 accuracy on the considered datasets.

3.4.2. QUALITATIVE RESULTS
Examples of discovered normal and abnormal patterns are shown in Fig. 3.5, normal be-
havior patterns are defined by trajectories colored in blue, whereas abnormal behaviors
are colored in red. Fig. 3.5a depicts the most common behavior pattern in an office, as
we expect that most of the time people are in front of the computer, creating big clouds
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of tracking points in the desk regions. For the outdoor scenario, Fig. 3.5b shows tracks
of pedestrians walking on the appropriate location: sidewalk. On the other hand, in Fig.
3.5c one possible abnormal behavior in an office is shown; a person is standing up (red
trajectory clouds) being close to the worker sitting at the desk (blue points), which might
indicate an interaction pattern for a long period. In Fig.3.5d pedestrians are crossing the
road in dangerous areas where zebra crossing signs are not present, therefore we defined
these actions as abnormalities.

(a) Working at the desk (b) Walking on the pedestrian sidewalk

(c) Converging in the middle of the room (d) Crossing the road in a dangerous area

Figure 3.5: Examples of normal and abnormal behaviors from the two analysed datasets.
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3.5. ABNORMAL BEHAVIOR IN HEALTHCARE:
THE ICT4LIFE PLATFORM

3.5.1. MOTIVATION
Automatic monitoring systems have been shown to be beneficial also in the healthcare
domain helping to increase the security of the aging population living independently.
Consequently, several research projects have been proposed to target different goals
such as detection of abnormalities or automatized robotic assistance (see Section 2 for
more details). In this context, the system proposed in the previous sections was adapted
for monitoring aging individuals in indoor environments. Elderly living independently
remain most of their time alone while medical professionals usually assist them only for
a few hours a week. As a consequence, sensor-based technologies and systems which
quantify Activities of Daily Living (ADL) can add new dimensions to existing clinical as-
sessments [11, 12].

However, sensor-based applications working in private indoor environments present
several challenges. Firstly, privacy in environments like private houses has to be well
preserved. In this sense, monitoring frameworks must avoid recording sensitive data
and they must be as unobtrusive as possible to not alter people’s life. Secondly, moni-
toring systems should cover the most important areas of the house where abnormalities
are more likely to occur. Given the privacy constraints explained before, this process
requires the collaboration of several professionals from different fields for adequate in-
stallation plans. Thirdly, multimodal sensors covering a diversity of functionalities were
shown to yield to a more general and complete picture of human behaviors. However,
fusing different types of information is never a trivial task. Lastly, as the aging popula-
tion suffers from heterogeneous comorbidities, different medical professionals should
collaborate for the definition of specific objectives that automatic systems should cover.

In this framework, my PhD thesis supported the development of the ICT4Life Euro-
pean project 2, bringing a substantial contribution to the development of indoor mon-
itoring systems. The project was composed of a consortium that included universities,
companies, as well as hospitals to provide innovative ICT smart services for people af-
fected by Alzheimer’s and Parkinson’s diseases. In the next sections, we will explain in
detail the platforms and the provided algorithms for abnormal behavior detection.

3.5.2. INTRODUCTION
With an increasingly growing population in Europe, cognitive impairments is a major so-
cial and health issue. According to the World Alzheimer Report released by Alzheimer’s
Disease International (ADI) [13], dementia, including Alzheimer’s disease, remains one
of the biggest global public health challenges our generation is facing. In 2019, ADI es-
timated that there are over 50 million people living with dementia globally, a figure set
to increase to 152 million by 2050. The old people in Europe want to live at their home:
only 3,3% of the population older than 65 years live in an institutional center and also in
Europe, 50% of people older than 80 years old, live alone, and 35% live as a couple [13].
However, aging brings several difficulties that are difficult to manage alone, demanding
additional care from the elder’s family and the healthcare professionals.

2https://cordis.europa.eu/project/id/690090
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Figure 3.6: ICT4Life architecture. The Sensors module is responsible for extracting and analysing data ex-
tracted from sensors deployed in the environments. Services will utilize the information generated through
the ICT4Life algorithms to generate personalised information for supporting senior citizens. Interfaces allow
the interaction between the back end and front end of the systems, targeting senior citizens, caregivers, as well
as doctors.

From the caregiver side, relatives are the other victim of the disease. As the impair-
ment increases, the families need to dedicate much more time, as well as mental and
physical effort. In many cases, the carer is the patient’s partner who also is an old person
with associated health problems. The patients’ children are also very implicated in the
care of their parents. This poses a challenge for healthcare organizations to find solu-
tions that ensure the future financial sustainability of healthcare systems.

In this scenario, the ICT4Life European project aims to implement a platform in-
tegrating a series of innovative services, targeting aging people with cognitive impair-
ments. A series of sensors such as depth sensor cameras, wearable sensors, and ambient
sensors were exploited with the goal of providing proactive and patient-centered care to
formal as well as informal caregivers. One of the main objectives of this platform is to
provide advanced monitoring of patients using multisensor-based analytics and its in-
tegration with biomedical devices. Patients’ activity patterns are recognized using two
parallel channels: 1) Indoor daily activity analysis employing passive sensors such as
depth cameras and ambient sensors, and 2), Health status estimation through the use of
wearable sensors.

Figure 3.6 shows the architecture of the proposed platform. ICT4Life is formed by a
set of independent modules connected between them in a logical manner, allowing easy
information exchange, processing and reasoning. The sensors, as well as the interfaces
are the inputs to a central platform. Sensors are in charge of acquiring the data related to
the patient’s movements, medical information and interactions with the environment.
The interfaces allow the interactive communication between the end-users and the core
services provided by the platform. High-level reasoning and inferences regarding the pa-
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tient’s health condition and daily activities represent the final product of ICT4Life, ob-
tained by advanced analysis and multimodal fusion of the sensory data and the patient’s
medical data. A typical scenario in which the ICT4Life platform could be applied is the
home monitoring scenario. Sensors, mounted in specific areas of the house (e.g. living
room, bedroom, kitchen), monitor the activities of daily living. The low level module
analyzes the data stream to detect clear and urgent deviations from the normal activity’s
patterns (i.e. abnormalities), for example, falling down or agitations states. Every week,
the data is summarized and passed to the high level module. The high-level module fo-
cuses on fusing the information coming from the sensors as well as from the medical
files to provide high level insights on the patient’s health condition. For example, if the
medical files indicate that patient x had some medications changed, and the low level
module provides an increase of abnormalities occurrences, the high level module is re-
sponsible to investigate the connection of these two events.

During this PhD, my main role in relation to the ICT4Life platform was to develop
intelligent algorithms for abnormal behavior detection. Therefore, only this module will
be described in detail in the following paragraphs.

3.5.3. ABNORMAL BEHAVIOR DETECTION IN HEALTHCARE

This module focuses on analyzing sensing information to identify meaningful behaviors
and inform any interested party (professionals, formal/informal caregivers) about the
patient’s situation. Specifically, one of the main goals is to provide the ICT4Life plat-
form with the capability of assessing real deviations from the expected daily conduct of
target users. For example, if the target senior shows a decrease in daily motion activity
observed over a long period, the platform is able to detect an abnormal pattern, in this
case, apathy.

In Figure 3.7 we show the data flow (from left to right) of the low-level subsystem.
Firstly, passive sensors such as ambient sensors and cameras are installed to monitor
the selected indoor environment (private home or rehabilitation center). Secondly, the
data is analyzed using two different levels of processing. The first level is performed in
real-time and it involves the detection of life threatening abnormal events, like falling
down and agitation. In these cases, the algorithms are set to immediately send a warn-
ing notification to the patient’s caregivers. The second level of analysis is performed to
compute daily behavior analytics, such as overall daily motion or average blood pres-
sure. These analytics are accumulated for a certain period of time (decided by the medi-
cal professionals) and summarization/visualization techniques are executed to be used
as support evidence in the patient’s clinical picture.

In recent years, due to new cutting-edge technologies, the range of equipment and
services available to help elderly people safely stay in their home has substantially grown.
The tools that have been chosen in the ICT4Life platform are a series of sensorial means
that, in an unobtrusive manner, can track the old person’s activities and behaviors. In
this direction, depth sensors like the Kinect camera are used for the detection and track-
ing of human movements. By using the skeleton detection and tracking functionalities
embedded in the sensors, fine-grained information on human activities can be exploited
in a low-cost way. Furthermore, the use of depth images yields other benefits. As shown
by authors in [14], depth sensors are robust to illumination changes. As illumination
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Figure 3.7: Data flow in the ICT4Life platform. Sensors deployed in the environment are responsible for ex-
tracting behavioral data. Behavior analysis is performed with two levels of frequency. Life-threatening events
like falling down and confusion states are analysed and detected in real-time. Behavior analytics over a longer
period of time are summarized and shown to the professionals as support evidence in the patient’s clinical
picture.

in private homes is not always constant, having a detection and tracking algorithm that
handles special cases such as when light is turned off is very important. Another impor-
tant benefit consists of ensuring the privacy protection. The 3D depth information does
not allow the recognition of the individuals’ identity, fully preserving the privacy of the
inhabitants. An example of the depth image and skeleton tracking information is shown
in Figure 3.7 (left).

Indoor tracking using video data is challenging due to the inherent structure of those
environments, which often include small separated rooms. Consequently, due to the
presence of walls and furniture, the cameras coverage range cannot be maximally ex-
ploited. One solution would be to install a camera for every room, however, this will
result in a very intrusive monitoring system. Hence, in the ICT4Life framework, binary
ambient sensors were included due to their advantages such as cheap cost and low in-
trusiveness. Specifically, magnetic sensors were deployed in the environment for the de-
tection of opening/closing events of objects like doors and cabinets. Magnetic sensors
are composed of two magnets. When the two magnets separate, an internal reed switch
inside the sensor will activate sending a binary event signal. For example, if the sensor
is placed on a door, one magnet would be placed on the external frame, and the other
magnet would be placed on the actual door. Opening the door causes the magnets to
separate, and an event would be triggered, while closing the door would also trigger an
event as the two magnets are reunited. Although the information provided by the sensor
is limited, i.e. 1 indicates the opening event, and 0 indicates the closing event, by com-
bining the binary events with time-stamps, we can obtain the inhabitants’ movement
patterns in areas where cameras are too intrusive such as bedrooms and bathrooms.

To the best of our knowledge, datasets containing abnormal behaviors such as con-
fusions and agitations are rare to find in the computer vision field. Therefore, a novel
dataset was proposed within the frame of my PhD. Specifically, in the next paragraphs,
we will describe a novel dataset designed, developed and used to investigate the detec-
tion and the understanding of abnormal behaviors related to Alzheimer’s disease.
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3.5.4. MULTIMODAL DATASET FOR ABNORMAL BEHAVIOR DETECTION
Activities of Daily Living (ADLs) refer to a set of daily self-care activities, which people
perform habitually and universally. ADL performance decline can often be a sign of mild
cognitive impairment and early dementia, and, its assessment as well as its detection is
critical to provide help promptly. Therefore, in the last decades, many datasets have
been recorded for the purposes of generating automated solutions for Activity Recog-
nition (AR) [15]. These datasets usually contain each ADL in a separate video, in a con-
trolled environment (i.e. only one person in the video, and the camera placed in a frontal
position).

Over the course of my PhD research, we designed, developed, analyzed and proposed
a dataset which encourages the analysis of human behaviors in unrestricted settings for
the discovery of generic patterns from spontaneous activities. One of the contributions
of this dataset is that it contains elicited behaviors and not acted ones. In this dataset,
we asked the participants to perform predefined tasks without instructing them on how
these tasks should be performed. In this way, spontaneous behaviors were recorded. Ad-
ditionally, datasets containing abnormal agitation and confusion behaviors from video
data are rare to find as well as difficult to collect. Hence, with the help of medical pro-
fessionals, we designed certain tasks which might provoke trajectory data similar to the
ones created by people in confusion states. Doing so, we aimed to train our abnormal
detection models on this dataset, and, by applying a transfer learning procedure, test
them directly in hospitals with real patients.

The experimental design was inspired by both ADL datasets, as well as problem-
solving based psychological tests. To create an unconstrained environment, no time
limit nor know-how was given to complete the proposed six tasks. The experimental
room was furnished with tables, chairs, a tea corner with a water kettle, and two office
cabinets, having each drawer filled with many different objects. All around the room,
boxes, and cases also containing objects, were spread to challenge our subjects for the
completion of the experimental tasks (Figure 3.8).

We recorded the dataset using two sensors: Kinect V2 and binary magnet sensors.
The Kinect sensor was placed on a closet in the corner of the experiment room, while
the switch sensors were set on the entrance door and drawers.

In total, 19 participants were recorded, each of them had to perform 6 tasks and on
average, each experiment lasted for 15 minutes. For each participant, the Kinect sensor
recorded around 25000 frames (30 fps), each frame containing body joint coordinates
(x,y,z). To preserve the privacy and to comply with the ethical principles of the project,
the RGB image was not saved; instead, we saved only the depth (greyscale) where the
human face is not recognizable. For each participant, the magnet sensors were activated
on average for 30 times, sending a binary signal (a value of 1 for the open event and a
value of 0 for the close event). As the participants were asked to leave the room after the
completion of every task, the magnet sensor placed on the entrance door was used for
automatically segmenting the data for each task.

Next, we present the tasks assigned to the participants and the respective explana-
tions:

1. Instructions: “Look for an item in the room”.
Description: During this task, the participants were inspecting the content of dif-
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Figure 3.8: Experimental settings in an university room. The experimental design was inspired by both ADL
datasets, as well as problem-solving based psychological tests.

ferent boxes and cabinets for finding the indicated item. It is inspired by ADL sit-
uations, like searching for the television remote or the car keys. Additionally, we
aimed at obtaining a result similar to the psychological test called the “key search
Test” [16]. This test is used to diagnose cognitive functions in aging individuals
by asking the participants to draw their searching strategy to find a set of keys.
Similarly, our goal is to record and investigate the participants’ searching strategy.
Eventually, the hidden item is found, hence, we consider the data of this task as
an intact and successful strategy to find the object, compared with the next task,
which will be set as the distorted strategy.

2. Instructions: “Look for an item (nonexistent) in the room”.
Description: The task description is the same as above, while this time, the item
is not present in the room. Therefore, after looking for the item everywhere and
for a certain amount of time, all the participants started to get confused. As no-
ticed by our collaboration with medical professionals, this situation elicits similar
behaviors with those of a person with an early stage of Alzheimer’s, who might not
remember the placement of things. Compared to the previous task, we label the
recorded searching strategy as “distorted” or “abnormal”.

3. Instructions: “Inspect and try to memorize the content in each cabinet. You can
only open one drawer per time, per cabinet”.
Description: Repetitive behaviors are among the most common and burdensome
of the behavioral and psychological symptoms of Alzheimer’s disease and yet, lit-
tle research has been conducted into their manifestations. Therefore, one of the
objectives of this dataset is to investigate the automatic detection and recognition
of this abnormal event. We asked the participants to inspect the content of each
drawer of the cabinets placed on opposite sides of the room. Additionally, a con-
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straint was given, the participants could open one drawer per time, per cabinet.
For example, once the first drawer of the first cabinet is explored, the participant
has to investigate the first drawer of the other cabinet. This constrain forced the
participants to walk repetitively to the two cabinets with the goal of eliciting repet-
itive behaviors.

4. Instructions: “Answer the questionnaire regarding the content of the office cabi-
nets”.
Description: In this task, we asked the participants a set of specific questions
about the items present in each drawer. For example, we asked to recall the num-
ber of books in the first cabinet or to recall in which drawer the pencils were. The
participants’ answers were not important to us, however, some questions were
purposefully impossible to answer to force the participants to go back to the cabi-
nets and check the content again. In this way, a rich set of actions including sitting
down, writing, standing up, and searching were recorded.

5. Instructions: “Prepare a cup of tea”.
Description: The participants were asked to prepare a cup of tea, while the needed
ingredients (e.g. tea bags, water, sugar, mug, and spoon) were distributed in the
room at various locations. Similar to task number 1, it is inspired by ADL activities.
This task has the goal of recording the participants performing an everyday activity
that involves unconstrained sub-actions.

Taking advantage of the structured tasks, we can assign a different ground-truth label
to each task. Specifically, task 2 and task 3 denote confusion and repetitive behaviors
respectively, and they are labeled as abnormal behavioral patterns, while the other tasks
are labeled as normal behavioral patterns. In the next paragraph, the trajectory analysis
and abnormal behavior recognition experiments are explained.

TRAJECTORY ANALYSIS USING THE PROPOSED DATASET

The goal of our trajectory analysis is the recognition of abnormal events like confusion
(task 2) and repetitive (task 3) behaviors. Clinically, confusion behaviors are usually ob-
served when a patient experiences an episode of memory loss, and he/she gets agitated
by this uncertain state [17]. Movements are not fluid and the walking patterns are not
logical. The repetitive behaviors consist of repeating the same activity or going through
the same locations in the room several times in a row, due to memory loss. Since these
two abnormal behaviors have a significant safety as well as social impact, it is extremely
important to build a framework able to recognize them.

For the data analysis, we employ the AHOT spatio-temporal descriptor explained in
Section 3.2.2. However, in this scenario, we aim at extracting statistical information from
each spatial block of the scene over short time intervals of T = 2 seconds. Differently
from the application explained in the first part of the chapter, in which tracklets could
be analysed in their entirety (offline), in this scenario, the goal is to detect abnormalities
as soon as possible (real-time). Therefore, in this part of the chapter, we propose a Bag-
of-Words(BoW) technique for aggregating the AHOT descriptors over time intervals for
the detection of abnormal behaviors.
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Figure 3.9: Examples of discovered trajectory words. Trajectory words are basic spatio-temporal elements that,
aligned together, form higher semantic movements.

Our motivation is that the studied abnormal behaviors become distorted after being
extended over a longer period of time. In other words, if a normal behavior is repeated
sequentially multiple times, it may become abnormal. For example, confusion behav-
ior may start as a normal search, however, if the pattern is extended and it becomes a
random search, we may assume that the subject is confused and lost a logical strategy.

In the ICT4Life framework, trajectories information is extracted using the AHOT de-
scriptor on T = 2 seconds time-windows. In this framework, we do not apply the autoen-
coder technique to keep the magnitude and the orientation bins well separated. Then,
all the descriptors are clustered in semantic groups called “ trajectory words”. We aim at
obtaining a clear separation between different spatio-temporal patterns, which are seen
as a combination of motion patterns and spatial regions. We use the mean-shift cluster-
ing technique [18] to create a dictionary D of descriptive spatio-temporal words of size
k. Mean shift clustering aims at discovering “blobs” located through the maxima of a
density function. One advantage of this method is that we do not have to specify a priori
the number of clusters k. We experimentally found that k = 30 gives stable results for the
discovery of semantically meaningful spatio-temporal words.

The obtained trajectory words are short-term spatio-temporal motions that describe
certain patterns common to multiple participants. In Figure 3.9, we depict some exam-
ples of trajectory words. Figure 3.9a represents a slow vertical movement around the tea
kettle area, indicating that this word is mostly adopted during Task 6, where participants
are asked to prepare a cup of tea. Figure 3.9b represents a fast vertical movement to-
wards the right cabinet. This word is probably part of a searching pattern. Finally, Figure
3.9c represents a fast horizontal movement in the center of the room, the area used by
the participants to walk from one part of the room to the other.

Given a set of discrete words k ∈ D , we aim at investigating their distribution in the
recorded tasks. In particular, following the BoW strategy, we count the number of each
word appearing in a task, making a frequency histogram from it. Finally, we use a Logis-
tic Regression to train our Abnormal Behavior Detector (ABD) model. At training time,
each task is represented as a BoW, with the task type (i.e. 1 to 6) used as ground-truth
labels. At testing time, we use a 10-fold cross-validation strategy, randomly selecting
10% of the data as testing data for 10 times. The F1 classification accuracy obtained for
each behavior pattern was 63% for repetitive, 69% for confused and 99% for the nor-
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(a) Direct and clean movement pro-
voked by task 1

(b) Repetitive movement provoked by
task 3

(c) Random and illogical searching strat-
egy provoked by task 2

Figure 3.10: Qualitative examples of the elicited behaviors recorded in the dataset

Testing Location Normal Activity Confusion Repetitive

Psychiatry clinic (Hungary) 71,1% 93,7% 83,6%

Table 3.3: Abnormal behaviors recognition results obtained using real patients data

mal activities. Figure 3.10 shows three qualitative examples of trajectories belonging to
the dataset. In Figure 3.10a, the depicted trajectory is quite direct, indicating a success-
ful strategy for finding the hidden item. In Figure 3.10b, the depicted trajectory shows
a repetitive movement from one region to the other, this movement was correctly pre-
dicted as repetitive behavior. Finally, in Figure 3.10c, the depicted trajectory shows a
more twisted and complex trajectory, which indicates that the participants could not
find the item and they started to wander randomly. As this experiment showed promis-
ing insights, we transferred the experimental paradigm to real healthcare locations to
test our system on participants affected by Alzheimer’s disease.

TRAJECTORY ANALYSIS USING REAL PATIENTS DATA

In this section, we describe the testing of the system with real Alzheimer’s patients car-
ried out in the clinic of Psychiatry and Psychotherapy in Pecs (Hungary). In order to have
a comparable test with healthy participants, the same experimental paradigm was used.
With the help of caregivers and doctors, four elderly participants, affected by Alzheimer’s
disease, were asked to perform the same 6 tasks. The experimental room was designed
in the same way, Kinect camera was placed at the top of a closet and two cabinets were
placed respecting the spatial arrangement of the original experimental room. To test the
generalisability of our model, we used the Logistic Regression trained on the Multimodal
Dataset (Section 3.5.4), and tested on real patients.

Results are showed in Table 3.3. The results from the psychiatry clinic show that nor-
mal activities were recognised with a lower accuracy then abnormal activities. This indi-
cates that healthy participants perform normal daily activities in a different way, proba-
bly by being more efficient and fast. However, when it comes to detecting the abnormal
behaviors, the algorithm shows better accuracy in the unhealthy population. This result
highlights that the searching strategies of old citizens produce real contorted and ran-
dom patterns that are easier to spot. These results are also confirmed by the confusion
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Figure 3.11: Confusion matrix obtained from the test on four Alzheimer’s patients carried out in the clinic of
Psychiatry and Psychotherapy in Pecs (Hungary).

matrix in Fig. 3.11.
Even though the real scenarios brought several challenges and the proposed algo-

rithm was not always stable in the results, these experiments highlighted that the pro-
posed models were flexible enough to cope with new environments and participants of
different ages. This proves the generalizability of the proposed methods in adapting to
new conditions. These results are showing that our methods can work in new environ-
ments, without a pre-training step, which could otherwise be difficult to be performed
at each new scenario/ elderly house.

THE ICT4LIFE INTERFACE

In a scenario involving real patients, being able to detect abnormalities in real-time can
be fundamental for their safety. Therefore, we proposed a variation of the system to
send real-time feedback to their caregivers. Specifically, at testing time, every time the
frequency histogram is updated with a new spatio-temporal word, the pre-trained Lo-
gistic Regression evaluates it. In other words, the classifier assesses the histogram every
time it is updated ( T = 2 seconds). Then, we set the classifier to return both the classifi-
cation prediction, as well as the classification confidence. In our case, the classification
confidence is the signed distance of the test sample to the hyperplane, if the returned
confidence for a certain class is greater than 0, it means this class would be predicted.
The confidence value can be used as a metric to understand how sure the classifier is
about the analyzed test samples. On this data, we experimentally determined that the
classifier confidence greater than 5 is a good threshold to have robust decisions.

Two seconds of data provide little information and the results of the classifier cannot
be very reliable, therefore, the ICT4Life system stores the classification result until the
classification confidence reaches the robustness threshold (greater than 5). If one of the
two abnormal behaviors (e.g. confusion or repetitive behavior) exceeds the threshold, a
notification is raised to call for professional help.
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Figure 3.12: The ICT4Life Interface is composed by two main components. On the left of the screen, the skele-
ton tracking is displayed, while, on the right of the screen, the outputs of the machine intelligence algorithms
are displayed. The output is updated every two seconds and a classification confidence value is displayed. If
the value exceeds a certain threshold, a warning notification is sent to the caregivers.

In Figure 3.12, we depict the interface of the Abnormal Behavior Detection system.
On the left side, the real-time video of the detected skeleton of the patient and his/her
trajectory movement are displayed. Real color images are not recorded in order to re-
spect the privacy of the participants. On the right side, the Logistic Regression classifier
confidence values (updated every two seconds) are displayed. Note that the confidence
value in the case of the Logistic Regression is the distance of the samples to the hyper-
plane. In this example, the classification confidence for the confusion label reached
the threshold and the notification is raised immediately sending a message through the
ICT4Life app to the doctors or caregivers.

Finally, in the ICT4Life platform, the output of the low-level subsystem is used by
higher-level modules to perform multimodal fusion of different information and extract-
ing higher-level inferences on the patient’s health condition. As explained above, these
higher-level modules are outside the scope of this dissertation and not in the focus of my
PhD research.

3.6. CONCLUSIONS
In this chapter, we proposed a new system for detecting normal and abnormal human
behaviors from surveillance data. Our approach is based on a spatial-temporal method
which analyzes trajectories over a spatial grid. One important aspect of our work relies in
the flexibility and generalization ability of the proposed system. Our feature extraction
and clustering algorithms offer useful insights regarding the underlying distribution of
the data obtained in an unsupervised way. This new feature representation enables the
discovery of semantic regions based on the users’ behavior over long periods of time,
facilitating the annotation task. In the first part of this chapter, we tested our model on
two public datasets. The obtained results prove the efficacy of our method, as we are
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able to correctly classify normal vs. abnormal behavior in over 98% of the cases in both
scenarios, while sparse autoencoders improve the classification accuracy by at least 1%
in comparison to the raw spatial and motion descriptors.

In the second part of this chapter, the designed features were implemented in a
healthcare system (ICT4Life platform), and an abnormal behavior recognition method
based on BoW was tested on a novel dataset as well as in hospitals with real patients.
The ICT4Life platform was tested for 4 months in real life pilots reaching the following
objectives: 1) It demonstrated the feasibility and the utility of the ICT4Life platform as a
global ecosystem to support independent and healthy life. 2) It led to practical field tests
and user feedback/validation for issuing recommendations with regards to specific ap-
proaches more targeted towards a senior public. 3) It gathered conclusions from users’
feedback in order to improve the product design.
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A HIERARCHICAL AUTOENCODER

LEARNING MODEL FOR PATH

PREDICTION AND ABNORMALITY

DETECTION

This chapter is based on the following publication:

• D. Dotti, M. Popa, and S. Asteriadis, “A hierarchical autoencoder learning model
for path prediction and abnormality detection”, Pattern Recognition Letters, vol.
130, pp. 216–224, 2020.

4.1. INTRODUCTION
Understanding and predicting human motion in complex real world scenarios has a
vast number of applications, from designing intelligent security systems to deploying
socially-aware robots [1]. In the previous chapter, we presented a framework that en-
ables the discovery of semantic motion regions based on the users’ behaviour using tra-
jectory data. Our method analyzed short motion trajectories (i.e. tracklets) for the dis-
covery of normal and abnormal spatio-temporal behaviors. Analyzing human motion
trajectories is challenging in different aspects, as human motion is affected by internal
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needs as well as by external environmental factors. Internal needs are for example, go-
ing to the supermarket to do grocery shopping, while environmental factors that may
affect human’ path are for example, moving obstacles along the way. Therefore, one of
the biggest challenges for a smart surveillance system, is to embed these two factors in
order to understand what is going on in the scene, and more importantly, to predict what
can happen next.

A popular approach towards the prediction of future pedestrian trajectories consists
in modeling their interactions in crowded spaces. Interaction can be defined by a set
of hand-crafted rules like social forces [2], stationary crowds influence [3], or neighbors
movements [4]. Although these models are useful for estimating the forthcoming mo-
tion status, we argue that the destination goal of an object does not change according
to the people around it. Specifically, even though the local motion patterns may vary
according to the social interactions, the global motion descriptors need to be invariant
to small deviations, for efficiently predicting the long-term evolution of the trajectories.
This degree of anticipation can help in inferring targets’ route [5], intents [6], and desti-
nations [7] of moving objects. For example, in outdoor scenarios like the ones described
in [8], it is important to detect immediately whether a car lost control and is approaching
a pedestrian walking area, or to forecast a pedestrian’s walking path to detect if they are
moving into a restricted area.

In this chapter, we propose a hierarchical model capable to learn and predict future
motion trajectories in real-time. The lower levels in our hierarchical architecture aim at
modeling the ambiguity of short spatio-temporal trajectories. Like stated above, short
trajectories may deviate abruptly due to possibly moving obstacles such as other pedes-
trians on the way. On the other hand, the higher levels of the model aim at capturing
statistically significant combinations of short spatio-temporal trajectories. Being able to
learn more robust motion characteristics is meaningful for revealing more global char-
acteristics such as the final goals/destinations of the objects.

Figure 4.1 shows a higher level description of the proposed method. Given the orig-
inal trajectory depicted in red, we firstly encode direction and velocity of short motion
patches, using the lower levels of the hierarchy. Then, in the higher levels, we combine
motion patches to learn meaningful combinations of short individual patches. Finally,
we aim to model temporal motion transitions using Bayesian probability, by inferring
the future trajectory step, given the current motion descriptor. The predicted motion
patches (yellow lines) are the result of the inference layer applied on the observed mo-
tion patterns (blue lines). Our system predicts the orientation direction, as well as the
velocity of the future pattern. Speed and orientation information are useful to summa-
rize the analyzed behavior; in this case, the target object is quite fast when it enters the
scene (bottom right of the figure), and it slowly reduces its speed when approaching a
possible obstacle, the stairs (top center of the figure).

Several hierarchical architectures have been proposed for modeling long-term mo-
tion evolution [9], [4]. For example, Convolutional Neural Network (CNN) frameworks
[10] often obtained impressive results that are highly competitive, however, due to the
large number of parameters to fine-tune, they require large amounts of labeled data. In
this chapter, we propose an unsupervised hierarchical model based on autoencoders
[11], that has the advantage of requiring less data and less computational complexity,
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Figure 4.1: Our predictions of future trajectory motion patches (colored in yellow) contain direction orienta-
tion as well as speed information. Orientation describes the object’s movements in the scene, while speed
(embedded using our new feature representation on the right) is important for behavior understanding, for
example to distinguish between a pedestrian that walks calmly and a pedestrian rushing somewhere. The
observed trajectory state is colored in blue and the ground truth is colored in red.

while it is still powerful enough to capture both local and higher semantic motion infor-
mation. We motivate our design choices using three public datasets (i.e. New York Grand
Central station introduced in [3], LOST dataset proposed in [8], and VIRAT dataset pro-
posed in [12]) , where our proposed framework is comparable with state-of-the-art deep
neural network methods.

Our learning process is data-driven, and it aims at obtaining an improved feature
representation by employing sparsity and a cross-entropy based optimization approach,
in combination with autoencoders. One contribution of our work consists in designing a
novel feature representation inspired from object recognition. 3-D spatio-temporal mo-
tion patches (x, y, t ) are mapped to 2-D image patches (x, y), translating the temporal
information into pixel intensity values. Profiting from the ability of sparse autoencoders
to learn meaningful patterns from 2-D gray-scale images, the bottom level of the hier-
archical model learns basic spatio-temporal patches. The discovered local patterns are
useful to describe small movements but lack global descriptive power. Thus, on the next
hierarchical level, we encode longer parts of trajectories by increasing the spatial grid.
More distinctive motion patterns are learned, representing statistically meaningful com-
binations of low-level elements as well as preserving local information like orientation
and speed. The new descriptors, due to the non-linear transformation using first level
weights, are more invariant to small shifts or deviations, and incorporate more discrimi-
native power for long-term trajectory prediction. Finally, we use a Bayesian probabilistic
framework to model the dynamics of the learned features for trajectory path forecast-
ing, direction prediction, and abnormality detection. We tested the flexibility of our ap-
proach in both outdoor and indoor environments, using The Long-term Observation of
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Scenes (with Tracks) or LOST dataset [8], the New York Grand Central dataset (GC) [3],
and the VIRAT surveillance dataset [12] (see the datasets’ introduction in Chapter 2).

The contributions of this work are the following: First, we build a new hierarchi-
cal model that learns, in the bottom layer, local motion patches, and in the subsequent
levels it learns statistically meaningful co-occurrences of local patterns, to form higher
semantic motion features. Its power resides in its inexpensive learning needs in com-
bination with a general and flexible learning mechanism. Our model is different from
the classical deep autoencoder [13], as we increase the size of the receptive field in every
hierarchical level. Second, a novel motion feature representation which embeds motion
speed and orientation is created, and fed as input into an autoencoder learning frame-
work. Third, to demonstrate the efficiency of our method in both outdoor and indoor
scenarios, we apply our model in various applications like trajectory path prediction,
destination prediction, and abnormality detection.

The remainder of this chapter contains an introduction of our proposed hierarchical
model in Section 4.2, along with the description of feature representations and learning
approaches. Section 4.3 contains the description of high level inference, while in Section
4.5 the obtained results are presented and evaluated against state-of-the-art methods.
Finally, the conclusions and the directions for future work are included in Section 4.6.

4.2. MODEL DESCRIPTION
In this chapter, we propose a hierarchical model for representing and learning trajecto-
ries in an unsupervised approach. Surveillance cameras collect huge amounts of data
over weeks, and it takes a great deal of human effort to store, process, and analyze the
data to detect rare abnormal situations. In this context, unsupervised methods tackling
the understanding of surveillance data are critical in supporting and optimizing vigi-
lance tasks.

Inspired from the language processing field [14, 15], we introduce a word-sentence
analogy to trajectory composition towards the intended destination. A trajectory can
be compared to a “sentence”, as its elements (trajectory units - words) are combined in
a logical way, depicting the movement goal. Firstly, the bottom layer learns minimal
spatio-temporal units of trajectories (words), and secondly, higher layers learn combi-
nations of these units resulting in the representation of bigger spatio-temporal patterns
(sentences). These higher concepts are used to extract the semantic structure of the
data, as in natural language processing, where the relations between words determine
the meaning of a sentence. For example, if the data contains a diagonal road like in Fig.
4.2, the first layer of the model will extract diagonal units of trajectories, that will strongly
correlate in higher layers with other diagonal units, creating a stronger diagonal move-
ment.

Fig. 4.2 depicts the proposed hierarchical architecture. For visualization purposes,
our model is formed by 2 layers, however, the number of layers is a parameter that can
be changed depending on the data. Every hierarchical layer is composed by two com-
ponents: the feature extraction component and the learning component. The feature
extraction component in the bottom layer aims to embed local trajectory features such
as orientation and speed from short temporal windows patches. To do so, we propose
a new spatio-temporal descriptor called “Trajectory units” u. These trajectory units are
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Figure 4.2: The architecture of the proposed model. Layer 1: Trajectory fragments are transformed into 2-D
patches and fed into the bottom layer autoencoder. Layer 2: combinations of trajectory fragments encoded in
layer 1 are learned in the second level autoencoder. Finally, an inference layer is added for trajectory prediction
and abnormality detection.

the input of the bottom layer’s learning component made of a greedy autoencoder. The
first autoencoder aims to encode atomic motion patterns, yet, the learned representa-
tion is limited to a short spatio-temporal scale, and it is not powerful enough to be used
for behavior discrimination. Therefore, inspired by the hierarchical feature learning for
object recognition [16], [17], we build a second hierarchical layer to encode bigger tra-
jectory parts. A key point of the proposed framework is that the feature extraction com-
ponent in the second layer consists of trajectory units encoded using the first layer’s au-
toencoder. In this way, we aim to transfer the knowledge acquired from the previous
layer to the subsequent layer. Furthermore, we aim to enhance the knowledge of our
framework by encoding bigger trajectory patches using spatio-temporal grids. These
spatio-temporal grids are the input of the second layer learning component made of a
second greedy autoencoder. The autoencoder in the second layer aims to learn the cor-
relation between adjacent atomic motion patches, obtaining a better understanding of
bigger trajectory parts. This second layer in the hierarchy bears the following benefits:
1) bigger spatio-temporal features can lead to a better understanding of behaviors, and
2) the new motion representation is invariant to small shifts or deviations of trajectory
points. Due to the modular learning strategy, depending on the trajectories length in the
analyzed scenario, additional layers can be added to encode increasingly larger spatio-
temporal motion patterns. A final learning layer is added on top to model the probability
distribution of trajectory units for applications such as path prediction, and abnormality
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detection. In the following sections we describe the proposed approach in detail.

4.2.1. GREEDY HIERARCHICAL LEARNING
An autoencoder (AE) is a neural network which aims to minimize the reconstruction
error between the input and the output in an unsupervised way [11]. The process of
mapping from input X to a reconstructed representation X̂ , is useful for estimating the
underlying distribution of the data and for obtaining an improved feature representa-
tion. We propose a hierarchical autoencoder architecture, trained in a greedy layer-wise
fashion [13], where, at every layer of the hierarchy, we encode trajectory patches using a
single hidden layer autoencoder (see Chapter 2 for an introduction of Autoencoders).

Each hierarchical level l = [l1, . . . , li ] is trained in a sequential manner. Once the first
autoencoder layer l1 is trained, we can use the learned weights W l1

1 as a pre-trained ini-
tialization for a new Autoencoder in the next level li of the hierarchy.

4.2.2. BOTTOM LAYER FEATURE EXTRACTION
In this section, we propose a new spatio-temporal descriptor that aims to provide a new
representation of trajectory points, embedding local features like orientation and speed.
We start by extracting trajectory points within random window patches of size s × s. En-
couraged by the impressive results of autoencoders in image reconstruction, we trans-
form the spatio-temporal patches containing the trajectory points (x, y, t ) into 2-D gray-
scale images (x, y). Single trajectory points are too sparse to be reconstructed in an effi-
cient way and the information they convey is limited, hence, every point inside a patch
is connected using image processing techniques. The distance between points is com-
puted and used as pixel intensity values for the connecting line. The resulting gray-scale
values will represent the distance between points, with bigger distances between points
(higher speed of the object) reflected by higher pixel values. The rest of the pixels are set
to a value equal to zero and are considered as background.

Fig. 4.3 shows an example of first layer trajectory units u, where local motion is rep-
resented by pixel intensity values (object speed) and the orientation of the stroke. Speed
information is very important in motion analysis because it allows the discrimination
between different objects such as pedestrians and vehicles in an outdoor scenario, or
different behaviors such as running versus walking. Moreover, the orientation describes
object movements in the spatial dimension, and is useful for exploring the path of the
trajectories. Finally, the extracted images are vectorized and fed into the Autoencoder.

4.2.3. BOTTOM LAYER LEARNING
The input to the first layer autoencoder is represented by s × s gray-scale patches con-
taining trajectory units u of different orientations and speed. See Eq. 2.8 from Chapter 2
for the Autoencoder formulation.

An important parameter for autoencoders is represented by the size of h(x) which is
optimized based on the minimum reconstruction error (see Fig. 4.12). In Fig. 4.4, we
start by visually inspecting the set of weights learned by an autoencoder with m hidden
units on the LOST dataset.

Orientation patterns are easily visible, describing the structure of the data. There are
more diagonal filters than horizontal and vertical ones, meaning that diagonal move-
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Figure 4.3: First Layer feature extraction. Consecutive trajectory data is transformed into our proposed tra-
jectory patch. Trajectory patches embed motion characteristics such as speed, represented by gray intensity
values, and orientation.

Figure 4.4: Visualization of a set of weights trained in the first hierarchical layer.

ments are more common in this dataset. Moreover, speed is embedded in these weights,
as the different trajectory stroke gray-scale values depict different speed rates of the ob-
jects. The learned weights represent basic trajectory units, describing their local motion.
To obtain more descriptive and global motion features, in the next layers, we encode
bigger parts of trajectories by aggregating their atomic descriptors using a spatial grid.

4.2.4. SECOND LAYER FEATURE EXTRACTION

Motion information differs in every scenario, for example, outdoor scenes usually con-
tain longer and more linear trajectories, while, indoor scenes contain trajectories that
are more fragmented and curved due to limited space. Therefore, based on the scenario,
a different number of hierarchical layers may be needed to create global spatio-temporal
features. In this section, we start by describing the construction of the second hierarchi-
cal layer l2, as additional hierarchical layers can be built following the same methodol-
ogy.

Fig. 4.5 shows the feature extraction process: given a bottom layer trajectory unit
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Figure 4.5: Second Layer feature extraction. A spatio-temporal grid composed of g = 3×3 patches is used to
cover for all the possible trajectory directions (blue color) given the current patch at time t (green color).

ul1 at time t (colored in green), we create a spatial grid formed by g = 3× 3 patches,
to account for all the possible future directions. In this way, our grid encodes the future
trajectory units at time t+1 and t+2 (colored in blue). Every patch in the grid is encoded

using the weights (W l1
1 ) learned on the previous layer l1, and concatenated (Eq. 4.1).

X l2 = [hl1 ( j )] j=1,...,(g ) (4.1)

where hl1 ( j ) represents the patches in the grid g encoded using the previous autoen-
coder l1.

The encoding process allows to have higher order features more invariant to noise
(i.e. trajectory points shift). Furthermore, their concatenation preserves the temporal
and spatial relationship between neighboring patches, creating feature vectors X l2 that
capture higher semantic information. Finally, the new feature vector is fed to the second
autoencoder.

4.2.5. SECOND LAYER LEARNING

The input to the second autoencoder consists of feature vectors X l2 of size (m × g ). Tra-
jectory units embedded using the first autoencoder (composed by m hidden units), are
disposed in a spatial grid of g = 3×3 patches and fed to the second autoencoder. The ad-
vantage to have a second autoencoder and not a single deep autoencoder lies in the fact
that we can increase the input size in every hierarchical level to learn wider trajectory
patches on every level.

As described above, the input to this autoencoder is represented by higher order fea-
ture vectors (hl1( j )) and not 2-D images like in the bottom layer. Therefore, in order to
visualize the learned weights, we need to use the current decoder weights W l 2

2 as well as
the previous autoencoder decoder weights W l1

2 to map the features back to the original
input patches (Eq. 4.2).
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X̂ l2 = g l2
0 (W l2

2 hl2 (X l2 )+bl2)

X̂ l1 = g l 1
0 (W l 1

2 X̂ l2 ( j )+bl1) j=1,...,(g ) (4.2)

where g l2
0 and g l1

0 are the decoder functions of the two autoencoders in the hierar-

chical layers (Eq. 2.9 in Chapter 2). W l2
2 and W l1

2 are the decoder weights, and bl1 and
bl2 are the bias weights. g l2

0 reconstructs the entire grid g , then, we use g l1
0 to reconstruct

every trajectory patch in g .

Fig. 4.6 shows the reconstruction results of the weights W l2
2 learned in the second hi-

erarchical layer. More distinctive motion patterns can be noticed, remarkably preserving
low-level information such as orientation and speed. The encoded information captures
statistically significant combinations of the trajectory units ul1 used as input in the bot-
tom layer. For example, all the units have the same orientation (first row, first column
from the left), depicting a straight movement, or units have different orientations (sec-
ond row, second column from the left), depicting changes in direction.

Ascending in the hierarchy of the model, we are able to learn more complex spatio-
temporal structures of trajectories. The aggregation and co-occurrences of minimal tra-
jectory patches generate more global and discriminative motion features, that can be
used for behavior understanding. Since trajectory information varies depending on the
scenario, additional hierarchical layers can be built following the same methodology.

4.3. HIGH LAYER INFERENCE

4.3.1. OVERVIEW
We demonstrated that our model is able to learn discriminative motion patterns in an
unsupervised manner using a hierarchical architecture based on autoencoders. In this
section, we explain how the discovered pattern dynamics are modeled for trajectory
path prediction and abnormality detection. We aim to model temporal transitions using
Bayesian probability, by inferring the future trajectory step, given the current motion de-
scriptor. Nevertheless, modeling all the small deviations that trajectories can have would
make the probability framework very inefficient. Therefore, we quantize the motion fea-
tures using k-means clustering. Motivated by [18], we take advantage of the non-linear
embedding learned by our hierarchical autoencoder architecture, to run the k-means
algorithm on the encoded output of our last layer hl2 . In the next sections, we show
how the clustering method is useful at finding a dictionary D l of significant motion de-
scriptors on layer l . Then, we describe our Bayesian framework built using sequences
of dictionary words, and finally, we explain our training framework for applications like
path prediction, as well as abnormality detection.

4.3.2. MOTION DICTIONARY CONSTRUCTION
We aim to create a high level dictionary D for finding a set of meaningful k clusters of mo-
tion descriptors. Inspired by [18], we propose first to use the hierarchical autoencoder
to encode spatio-temporal patches, and then run the k-means clustering algorithm on
the obtained embedded feature representation hl ( j ) on each layer l . Our motivation is
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Figure 4.6: Set of weights trained in the second layer of the hierarchy. Higher layers of the hierarchy learn
statistically significant combinations of local motion patches.

two-fold: 1) Since the dimension of the hidden layers is lower than the input layer, the
network is bounded to keep only the most representative motion trajectory units, re-
moving the part of the data that is not important (outliers). This reduces the variability
of the data making the clustering problem less hard. 2) It has been shown that using
constraints like sparsity, the hidden units specialize on different types of input.

Therefore, our hypothesis is that different subgroups of hidden units are activated
for specific motion patterns. For example, a diagonal motion element will activate dif-
ferent hidden units from a horizontal one; in the same way, the activation pattern will be
different for a trajectory unit containing high pixel values (high speed) than for the one
with low pixel values (slow speed).

We found the number of clusters k on each layer l using the optimization of the intra-
clusters variance with respect to the total variance. Similar motion patterns are grouped
together, creating a dictionary of words k ∈ D l representing different spatio-temporal
motion patterns. Modeling the dynamics of these words enables the understanding of
longer parts of trajectories for destination prediction and abnormality detection.

4.3.3. PATH PREDICTION USING BAYESIAN NETWORKS

Given a set of discrete words k ∈ D l , where D l is the dictionary of words in layer l , we aim
to model their temporal sequence using a probabilistic graphical model. Bayesian Net-
works (BNs) are chosen due to their ability of modeling joint uncertainties and complex
information without requiring a vast amount of training data. The probability distribu-
tion of the two words P (ki ,k j ) is computed to learn significant motion dynamics in the
data. We maintain the spatio-temporal grid g described in Section 4.2.4 as a structure for
our BNs, however, we map every encoded trajectory unit hl in the grid to a word k ∈ D l .

BNs are represented by directed acyclic graphs (DAGs), where nodes represent ran-
dom variables and links between them represent their direct dependency. The most nat-
ural task using a BN is to compute the posterior probability using the Bayesian theorem.
At the same time, DAGs determine the joint probability distribution (JPD) over all the
variables. Once the JPD is calculated over all the positions in the spatio-temporal grid,
we can infer the structure of the data by discovering the conditional probability between
nodes.

In the context of our framework, we estimate the probability of the trajectory element
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Figure 4.7: Example of data construction for Destination prediction. Source Si and Destination Di are plugged
into the spatio-temporal grid g . Di ri is automatically obtained using the positions of kt and kt+1 in the grid.

at time t +2, P (kt+2), conditioned on the previous elements kt ,kt +1 as P (kt+2|kt ,kt+1),
using:

P (kt+2|kt ,kt+1) = P (kt ,kt+1|kt+2)P (kt+2)

P (kt ,kt+1)
(4.3)

where the prior probabilities P (kt+2) and P (kt ,kt+1) are estimated using the proba-
bility distribution of the pair of elements in the dataset. In this way, the label k∗ of the
trajectory element kt+2 is calculated given the evidence, using the Maximum a Posteriori
(MAP) principle included in Equation 4.4:

k∗ = argmax
k̂∈D l

P (kt+2 = k̂|kt ,kt+1) (4.4)

4.3.4. LONG-TERM PATH MODELING FOR DESTINATION PREDICTION
The prediction of long-term spatio-temporal intervals is an important task for smart
surveillance cameras. In this work, we aim at learning the entire trajectory progress
using their source and destination information. Similar to [3], ten Source/Destination
region blobs Si ,Di (i ∈ [1,10]) are annotated on the GC Dataset (Fig. 4.14). Every tra-
jectory is assigned to the pair Source/Destination by using their pixel coordinates. For
example, in Fig. 4.14 (a), the trajectory starts in blob 3 (Source label), and finishes in blob
8 (Destination label).

To model a long-term trajectory path, we use the same architecture as described in
Section 4.3.3, where the spatio-temporal grid g is fed into the BN framework. In addition
to kt and kt+1, in this experiment, we plug into our BN network their source label Si

as well as their direction information di ri . Their direction information is obtained in
an unsupervised way using g . Figure 4.7 contains an example of how we construct the
training data in this experiment. The spatio-temporal grid g contains kt and kt+1, and,
we can automatically extract their direction thanks to their positions in the grid. In this
example, the occupied blocks in the grid have an angle of 315 ◦, therefore, di ri = 315.

Finally, given a trajectory words kt and kt+1, we aim at predicting the future trajectory
word at time t +2 as well as their destination Di conditioned on the previous elements
P (kt+2,Di |kt ,kt+1,di ri ) using the Maximum a Posteriori (MAP) principle included in
the Eq. 4.4.
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Figure 4.8: Visualization of the embedding space learned by the autoencoders on the first hierarchical layer on
the GC dataset.

4.3.5. ABNORMALITY DETECTION MODELING
Autoecoder reconstruction error has been previously exploited to define abnormalities
[19], following the idea that regular motion patterns are reconstructed with a lower error
than unexpected ones. In this chapter, atypical observations are reported by both the
autoencoder and the BN module. Unforeseen motion dynamics (e.g. sudden speed or
direction change) generate a high reconstruction error in the autoencoder modules. Ad-
ditionally, word sequence dynamics which do not respect Eq. 4.4 in the Bayesian frame-
work, are reported as abnormalities.

4.4. ANALYSIS OF THE HIERARCHICAL LEARNING MODEL
In this section, we begin with a set of ablation studies to validate the efficiency of the
proposed architecture using the GC dataset [3], which contains trajectory data extracted
from individuals in the Central Station of New York. We randomly select 80% of the tra-
jectories as training set, 10% as validation set, and 10% as test set. An advantage of the
proposed framework is that it is modular, hence, the future trajectory predictions can
be computed from every layer. In this section, experiments are conducted on each layer
separately as it was the highest in the hierarchy. Note that the reported results are com-
puted on the validation set.

Figure 4.9: Visualization of the embedding space learned by the autoencoders on the second hierarchical layer
on the GC dataset.
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Figure 4.10: Visualization of the embedding space learned by the autoencoders on the third hierarchical layer
on the GC dataset.

In Fig. 4.8, Fig. 4.9, and Fig. 4.10, we show the autoencoder embedding subspace
for l = 3 hierarchical layers using the t-sne visualization tool [20]. Fig. 4.8 indicates the
embedding subspace of the features learned in the first hierarchical layer l1, Fig. 4.9 in-
dicates the embedding subspace of the features learned by the second hierarchical layer
l2, and finally, Fig. 4.10 indicates the embedding subspace of the features learned by the
third hierarchical layer l3. As shown, higher hierarchical layers provide a significantly
more discriminative subspace compared to the bottom layers, making the clustering as-
signment more definite.

However, as the higher hierarchical layers embed larger motion patches, they are
more sensitive to the amount of training data as well as to the trajectory lengths. There-
fore, in Fig. 4.11, and Fig. 4.12, we display the effect of important parameter variations on
the prediction performance using the GC dataset. In Fig. 4.11, the effect of the spatio-
temporal window size s × s on the prediction performance of future trajectory state is
displayed. The window size is established in the bottom layer (i.e. Layer1), then, on each
subsequent layer, the window size is extended (e.g. Layer1=10×10, Layer2=30×30, and
Layer3=60×60) to encode the previous layer temporal grid g = 3×3 (Fig. 4.11). Results
show that the performance of the third layer is lower than the one obtained from the
first two layers. This indicates that there is not enough data to train three hierarchical
layers, hence, in this chapter, we use the proposed model to learn a two-layer hierar-
chy. Due to diverse speed of tracked objects, our spatio-temporal grids embed different
amounts of trajectory points, allowing the system to learn meaningful dynamics of tra-
jectory patches without a fixed time window. Specifically, the first layer encodes patches
ranging from 2 to 5 seconds of data, while the second layer encodes patches ranging from
5 to 10 seconds of data. Finally, a window size of size 20×20 provides the best results and
it will be used for the final experiments.

In Fig. 4.12, the variation of the size of autoencoder hidden layers is shown. In this
experiment, we aim to minimize the reconstruction error (denoted as mean squared er-
ror - mse) on X̂i as well as to maximize the prediction accuracy. The x-axis indicates the
ratio between the input and the hidden layer size. Finally, all the parameters considered
in our approach are presented in detail in Table 4.1.
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Figure 4.11: Sensitivity analysis to understand the window size parameter effect on the GC dataset. X-axis
indicates the window size for the bottom layer, then, for every subsequent layer the window size is extended to
encode the previous layer temporal grid (e.g. Layer1=10×10, Layer2=30×30, and Layer3=60×60). The first two
hierarchical layers provide the best results given the dataset size, therefore, for the final prediction experiment,
a two-layer framework is built. Window size 20×20 provides the best results.

4.5. EXPERIMENTS
The general goal of our experiments is to apply the proposed approach in various ap-
plications such as short and long term path prediction as well as abnormality detection
using three challenging surveillance datasets, comparing its efficiency with other state-
of-the-art methods.

Table 4.1: Model parameters used in the feature extraction and learning phase, for the considered datasets
(LOST, GC, and VIRAT dataset).

Parameters LOST GC VIRAT

Patch size on l 1, (s) 18 20 20
Patch size on l 2, (r ) 56 60 60
Grid size (g ) 9 9 9
Dictionary size (k ∈ D l ) 40 40 20
AE first layer (|W 1

1 | = m1) 144 169 169
AE second layer (|W 2

1 | = m2) 400 625 625

4.5.1. EXPERIMENT 1: PATH PREDICTION
In the previous section, we assessed the hierarchical learning structure of our model,
while, in this section, we evaluate whether the hierarchical structure improves the pre-
diction performance. In the evaluation phase, given the first two patches of the spatio-
temporal grid at time t and t + 1, we aim to predict the cluster label k∗ that describes
the next motion stroke at time t + 2. F1 prediction accuracy results are presented in
Table 4.2, where the best prediction result (96.9%) is achieved by computing the infer-
ence using Layer2 features. Moreover, in the LOST dataset, prediction results are sig-
nificantly higher than the results obtained in the GC dataset. This is due to the nature
of the different behaviors in the recorded scenarios. Specifically, the chosen scene in
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Figure 4.12: Sensitivity analysis to understand the variation of the autoencoder hidden layers’ size on the GC
dataset. The hidden space size for the two hierarchical layers is set to minimize the reconstruction error (mse)
and maximize the prediction accuracy. X-axis indicates the percentage of data preserved after the dimension-
ality reduction.

the LOST dataset presents a road intersection with pedestrians and vehicles. Trajecto-
ries are mostly straight lines, indicating objects’ intention to reach a specific destination
using the shortest route. On the other hand, in the GC dataset, numerous examples
of twisted trajectories, created by people walking without an evident goal (i.e. spending
time waiting for the train) are recorded. This characteristic of the data seems to affect the
prediction of Layer1 (82.2%), whereas Layer2 features prove to be more robust (89.1%).

Table 4.2: Trajectory cluster label prediction accuracy.

Hierarchical layers LOST dataset GC dataset

Layer1 88.5% 82.2%
Layer2 96.9% 89.1%

The multi-stage learning approach shows to be more invariant to local distortions of
trajectories, as autoencoders tend to learn a smoother representation of the data, can-
celing local noise effects. Overall, Layer2 inference obtains the best result, proving that
by ascending the hierarchy, we obtain more global and discriminative features, useful
for behavior prediction and understanding.

4.5.2. PATH PREDICTION: QUALITATIVE RESULTS
Examples of trajectory prediction are shown in Fig. 4.13, where, the ground truth trajec-
tory is colored in red, blue depicts the observation at time t and t +1, and our prediction
of the future trajectory state at time t +2 is colored in yellow. Fig. 4.13a and Fig. 4.13b
show motion patterns of pedestrians in New York Train Station taken from our analysis
of the GC dataset. The data is very challenging because trajectories are full of deviations
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(a) (b)

(c) (d)

Figure 4.13: Path prediction in indoor and outdoor scenarios. Predicted trajectory elements are colored in
yellow, observed trajectory patches are colored in blue, and the trajectory ground truth is colored in red.

and small shifting due to the crowded scene. Our system shows to be robust to these
challenges, being able to correctly predict the objects’ motions. On the other hand, dif-
ferent movement patterns caused by different objects are displayed in Fig. 4.13c and Fig.
4.13d taken from our analysis on the LOST dataset. In Fig. 4.13c, our system predicts
correctly the motion of a car transiting on the road, while in Fig. 4.13d, the trajectory of
a pedestrian walking on the zebra crossing is correctly predicted.

4.5.3. EXPERIMENT 2: DESTINATION PREDICTION ON THE GC DATASET
In order to demonstrate that our model is able to predict long trajectory paths, in this
section, we perform the destination prediction experiment using both the first layer as
well as the second layer’s features. We follow the experimental procedure described in
[3], to predict the destination area of every trajectory (see details in Section 4.3.4).

We randomly select 80% of the trajectories as the training set, 20% as test set in a K-
Fold cross validation experiment. We discarded very short trajectories which do not have
any source/destination labels. Given a test trajectory, our model recursively analyzes ev-
ery motion patch at time t and t +1, generating the next motion state at t +2, as well as
the destination region Di . Similar to [10], the predicted trajectory patch is fed back into
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(a) Pedestrians take small path deviations (due to the
crowded space) without affecting their final destination.
Our model correctly predicts the trajectory progress as well
as the final destination.

(b) Drastic modification of trajectory direction and desti-
nation. Our method encodes the change of direction and,
at the second iteration, correctly predicts the final destina-
tion.

Figure 4.14: Qualitative examples depicting the destination prediction in the indoor scenario. Predicted trajec-
tory elements are colored in yellow, observed trajectory patches are colored in blue, and the trajectory ground
truth is colored in red.

the hierarchical framework to predict the next states, and our accuracy is given by the
number of correct predictions of both the motion path and the final destination along
the entire trajectory path. As explained in Section 4.4, for both scenarios, Layer1 pre-
dicted motion state ranges from 2 to 5 seconds of data, while Layer2 predicted motion
state ranges from 5 to 10 seconds of data. Finally, following the evaluation procedure
described in [10], top n predictions (the ground truth is within the top n = 2 predicted
destination labels with the highest probability) are reported in Table 4.3.

Table 4.3: Destination prediction results. We report the accuracy of the top 2 predictions, e.g. the ground truth
is within the top n = 2 predicted destination labels with the highest probability.

Methods Top 1 Top 2

Layer2 inference (our method) 77% 80%
Layer1 inference (our method) 74% 79%
Spatio-Temporal Perspective [21] 62% 78%
Behavior-CNN [10] 53% 72%
EMM [3] 48% 69%

Both our hierarchical layers outperform the existing approaches, being able to in-
crease the prediction accuracy (accounting for the Top 1 prediction label).

Our results outperform the best two approaches listed in Table 4.3 (see explanation
of these methods in Chapter 2). Behavior-CNN [10] as well as the Spatio-Temporal Per-
spective [21] jointly model the dynamics of individual trajectories as well as crowd move-
ments for predicting the future path as well as destination labels. However, the distribu-
tion of motion patterns and their correlation with the source/destination labels are not
considered. The method Energy Map Model(EMM) [3], takes into account the influ-
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Figure 4.15: The accuracy distributions of Layer1 and Layer2 methods obtained using the different experimen-
tal folds in the destination prediction experiment.

ence of stationary objects (e.g. crowd groups). Although stationary objects can modify
the path of a person, we believe that they do not influence the choice of destinations.
Instead, our approach reveals that after a few steps in the scene, most of the pedestri-
ans know their destination and modify their motion patterns accordingly. Finally, in
Fig. 4.15, we investigate the performance range/variation obtained in the experimen-
tal folds. The accuracy distributions of the two best methods (i.e. Layer1 and Layer2)
are displayed in box plots. Results show that Layer1 inferences (standard deviation = 3.6)
present a larger variation in performance compared to Layer2 (standard deviation = 2.1).
As Layer1 embeds shorter trajectory patches, the prediction of long-term destinations is
more challenging, hence the greater variation.

The obtained higher accuracy for Layer2 shows the efficiency of our hierarchical
model, which benefits from a powerful new feature representation learned in a hier-
archical structure. By augmenting progressively the encoded spatio-temporal features,
representations that are more invariant to small path shifts/deviations are learned, mak-
ing the distribution of motion patterns towards a certain destination more distinctive.

4.5.4. DESTINATION PREDICTION: QUALITATIVE RESULTS

Examples of destination prediction are displayed in Fig. 4.14, where 10 Source / Des-
tination blobs are added to the image. Trajectory ground-truth is colored in red, the
observed trajectory units at time t and t +1 are colored in blue, our path prediction is
colored in yellow and, finally, the dashed yellow line represents the predicted long-term
destination. Due to the crowded scene, pedestrians take small path deviations as shown
in Fig. 4.14a. However, the final goal destination remains the same most of the time.
Our hierarchical autoencoder framework is able to smooth out these small shifts, and
correctly predict the final destination. On the other hand, pedestrians may change their
intentions, drastically modifying direction and the goal destination. In Fig. 4.14b, our
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first prediction is the destination region number 9, which is where the observed and
predicted motion seems to aim, but suddenly the trajectory takes a turn towards desti-
nation number 6. The new trajectory observations at time t and t +1 allow the system to
recover and predict the new correct destination.

4.5.5. EXPERIMENT 3: ABNORMALITY DETECTION
The proposed framework can be adopted for detecting abnormal trajectories for surveil-
lance applications in indoor as well as outdoor scenarios. Therefore, in this section, we
perform the abnormality detection experiment using the GC dataset.

Following the experimental procedure proposed by [1], we selected 500 trajectories
and we asked three annotators to mark abnormal trajectories on the GC dataset. All three
annotators agreed on 48 abnormal trajectories (inter-rater agreement score was 87.2%),
that are used to evaluate our framework for abnormality detection. Abnormal trajec-
tories are detected in an unsupervised way using the framework explained in Section
4.3.5. We compare our results with the abnormality detection framework proposed in
Chapter 3, where the best results were obtained by the SAE(AHOT) method. As the Hier-
archical Autoencoder detects abnormal trajectories in an unsupervised way, we remove
the classification module from SAE(AHOT), using the output of the meanshift clustering
algorithm as an abnormality detection indicator. In particular, similar to the concepts
explained in Section 4.3.5, if the meanshift clustering cannot assign a given sample to
any of the found kernels, we consider it as “orphan” (i.e. abnormal). The experiment
is repeated five times to make sure to address the randomness of the clustering assign-
ment, the average accuracy is reported.

Table 4.4: Abnormality detection results.

Descriptors Precision Recall F1

SAE(AHOT) [Chapter 3] 44% 60% 50%
Hierarchical AE [Chapter 4] 70% 77% 73%

Results are displayed in Table 4.4. The obtained results show that the Hierarchical AE
reaches higher abnormality detection accuracy than SAE(AHOT), showing higher preci-
sion as well as recall results.

Furthermore, in Fig. 4.16, we visually inspect the detected abnormal trajectories. In
the GC dataset [3], not all of the annotated trajectories aim to take the shortest path to
reach a certain goal. In fact, in a train station, pedestrians can arrive early to catch their
train, or they could be waiting for someone, deciding to spend their time walking around
without a clear destination.

4.5.6. EXPERIMENT 4: PATH PREDICTION OF DIFFERENT OBJECTS ON THE

VIRAT DATASET
In this chapter, we propose a system suitable for surveillance applications in both indoor
and outdoor scenarios. As in outdoor scenarios there exist several moving objects with
different features and rules, it is important for a surveillance system to be able to distin-
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Figure 4.16: Qualitative examples depicting the detected abnormalities in the GC dataset. Abnormalities are
detected in an unsupervised way when trajectory sequence dynamics (e.g. sudden change of speed or unusual
turns) are observed.

guish between classes of objects. In this experiment, we test our system using trajecto-
ries coming from different objects (i.e. pedestrian vs car) using the VIRAT dataset Release
2.0 [12], as it provides frame by frame manual annotations for car as well as pedestrian
trajectories (see the dataset’s description in Chapter 2). In order to compare our system
with the state-of-the-art algorithms [22, 23], we focus on scene A. Scene A contains cars
as well as pedestrians events in a parking lot, Fig. 4.17b.

In Section 4.2, we describe how our hierarchical autoencoder framework is able to
learn discriminative motion patterns that encode speed and orientation features. There-
fore, in the first experiment, we evaluate the discriminative power of the encoded fea-
ture patches in both the first as well as the second hierarchical layers for pedestrian vs.
car trajectory classification. A non-linear SVM classifier [24] is trained using the output
provided by our two hierarchical layers ( hl1,l2 (x)). Classification results are reported in
Table 4.5. Results show that our system is able to learn discriminative motion features
in every hierarchical layer. As Layer2 results are higher than Layer1, embedding bigger
spatio-temporal features in a hierarchical way helps to improve the classification results.
We also compared our results with the nonrealtime features (AHOT) proposed in Chap-
ter 3 using the same experimental settings. This result confirms that embedding bigger
spatio-temporal features in a hierarchical way is beneficial for motion understanding.

Table 4.5: Pedestrian vs. cars F1 classification on VIRAT dataset

Methods Pedestrians Cars

AHOT [25] 83% 66%
Layer1 (ours) 88% 61%
Layer2 (ours) 91% 70%

Fig. 4.17a shows examples of correctly classified objects where our feature represen-
tation and learning framework capture the different motion patterns of the two objects,
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in which cars have faster and more linear trajectories (blue color) than pedestrians (red
color).
Given the classification results, the second experiment consists in predicting the path of
the selected object trajectories. Following [22], we use two metrics for evaluating our tra-
jectory prediction. First, we compute the modified Hausdorff distance (MHD) between
the ground-truth trajectory patch u and the predicted patch u∗ as:

M HD(u,u∗) = max(d(u,u∗),d(u∗,u)),

d(u,u∗) = 1

|u|
∑
x∈u

min
x∗∈u∗ |x −x∗|. (4.5)

This metric returns the distance measured in pixels between the two trajectories.
Note that this metric assumes that the output of our model is a set of trajectory points
that can be compared to the “true” trajectory points. Nevertheless, the output of our
model is cluster labels k, where every label represents a group of similar trajectory patches.
Therefore, we set the predicted patch u∗ as the trajectory patch closest to each cluster
center.

Then, since our method relies on Bayesian probability, we compute the negative log-
loss (NLL) between the ground-truth trajectory word at kt+2 and the predicted label (Eq.
4.4) as:

N LL(k) =−
n∑
i

k i
t+2 log(�k i

t+2)). (4.6)

where n is the number of samples, k i
t+2 is the true label and �k i

t+2 is the predicted label.
Note that for this experiment, we use the results from Layer2. Since the annotations

for the official test set are not provided, in this experiment, we adopt a leave-one-out
strategy, in which we leave one recorded day out as test set, training our model on the
others, and we repeat the process for every recorded day. As explained in Section 4.4,
we encode and predict, in a recursive way, patches of 5 seconds of data. Table 4.6 shows
the path prediction results as a weighted average between the two target objects (i.e.
pedestrians and cars).

Table 4.6: Path prediction on the test trajectories from VIRAT dataset.

Methods MHD NLL

Hierarchical AE (ours) 21.67 1.357
ALM [22] 16.7 1.476
hMDP [23] - 1.594

Our results in Table 4.6 show that our model is comparable with the state-of-the-art
models, furthermore, NLL results demonstrate that quantizing the discovered pattern
dynamics in the High-Layer Inference (Section 4.3) helps to improve the state-of-the-
art. On the other hand, the MHD metric shows that our predicted trajectory patches
have grater distance to the ground-truth than the comparison method (i.e. ALM [22]).
This was expected, as taking the trajectory patch closest to the center of the predicted
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(a) (b)

Figure 4.17: (a) Pedestrians vs Cars trajectory classification based on motion patterns. The color blue indicates
that the trajectory belongs to a car and color red indicates that the trajectory belongs to a pedestrian. (b)
Destination prediction on VIRAT dataset scene A. Predicted trajectory elements are colored in yellow, observed
trajectory patches are colored in blue, and the trajectory ground truth is colored in red.

cluster as the most representative sample is not always the most accurate solution. On
the other hand, this result indicates that the trajectory patches variance within the found
clusters is low as the MHD metric is comparable with the results obtained by state-of-
the-art methods.

Finally, in Fig. 4.17b, we show an example of correctly predicted trajectory, where,
the ground truth trajectory is colored in red, blue depicts the observations at time t and
t +1, and our prediction of the future trajectory state at time t +2 is colored in yellow.

4.6. CONCLUSIONS
In this chapter, we proposed a novel hierarchical framework for modeling trajectories,
both locally, by discovering spatio-temporal patterns, as well as globally, by learning
statistically meaningful combinations of low-level elements leading to higher seman-
tic descriptors. The proposed feature representation proved to be useful at capturing
spatial and temporal characteristics of trajectories, such as orientation and speed varia-
tions. Furthermore, we demonstrated its power in the discrimination between different
classes of moving objects (i.e pedestrians vs. cars). The effectiveness of our approach
was proven in both indoor and outdoor scenarios for short-term as well as long-term
path prediction. Furthermore, the presented approach is also suitable for abnormality
detection, computed using the likelihood of the conditional probabilities. Pedestrian
behavior modeling is an important task for surveillance applications. However, human
behavior is expressed in several ways which cannot be captured efficiently using only
trajectory information. Hence, in the next chapters, we will extend our research and
methods on assessing motion information that involves the entire human body.
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5
BEHAVIOR AND PERSONALITY

ANALYSIS IN A NONSOCIAL

CONTEXT DATASET

This chapter is based on the following publications:

• D. Dotti, M. Popa, and S. Asteriadis, “Behavior and personality analysis in a nonso-
cial context dataset”, in Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition Workshops, pp. 2354–2362, 2018

• F. Gibellini, S. Higler, J. Lucas, M. Luli, M. Stallmann, D. Dotti, and S. Asteriadis,
“Towards approximating personality cues through simple daily activities”, in In-
ternational Conference on Advanced Concepts for Intelligent Vision Systems, pp.
192–204, Springer, 2020.

5.1. FROM MOTION TO BEHAVIORS USING PERSONALITY BASED

MODEL
In Chapter 3, we introduced an indoor dataset for studying abnormal behaviors elicited
by problem-solving as well as daily activities tasks. When designing the experimental
tasks, we purposefully did not include any time constraints or know-how on the way
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to solve these tasks. Our goal was to let the participants express freely their strategies
and solutions without any impositions. Then, in the context of the European project
called ICT4Life, we analyzed the participants’ trajectories aiming to detect patterns that
could be connected to confusion and repetitive movement patterns, common in people
affected by Alzheimer’s disease. During the analysis, we also noticed that the recorded
data contained much more information than trajectories. Due to the unconstrained set-
ting of the experiment, the participants felt free to use their own strategy to complete the
given tasks (see Chapter 3, Section 3.5.4 for the tasks explanation). Some participants
took their time to search for the hidden items, while others felt pressured to complete
the tasks as soon as possible. Some participants were very precise in counting and list-
ing all the objects in the cabinets, being very meticulous in the screening of the boxes
and cabinets. While other participants were not concerned to respond to the question-
naire in an inaccurate way. To summarize, we noticed that our participants expressed
behavioral and interaction patterns that were worth to explore more in-depth.

Therefore, part of the research during my PhD was conducted to study how com-
monalities as well as differences between behaviors can be learned by computational
models. In this direction, personality psychology provides several models that aim at
categorizing how we, as individuals, tend to behave in ways that are broadly consistent
over time. Personality psychology is a branch of psychology aiming at capturing individ-
ual characteristics that explain and predict observable behavioral differences [1]. Per-
sonality models were shown to be accurate in the prediction of behavioral tendencies as
well as life outcomes. Hence, we believe that the automatic prediction of personality can
be also beneficial to the computing community, for example, in applications involving
human behavior understanding and forecasting.

In this chapter, we will explain how we enhanced the multimodal dataset explained
in Chapter 3, Section 3.5.4, using personality scores collected following a first-person
(self-assessment) strategy. Participants were asked to fill in, in an anonymous way, the
short version of the Big Five Inventory (BFI-10), introduced in [2]. This short version
measures the Big-Five traits, namely, Extraversion, Agreeableness, Conscientiousness,
Neuroticism and Openness, using 10 questions (i.e. two questions per personality trait)
and can be completed in less than one minute.

In this study as well as the next ones, we will deepen our understating on the rela-
tion between human body postures and expressions and behavioral patterns. We will
use the knowledge of trajectory motion as well as spatio-temporal dynamics learned in
the previous chapters to investigate if there exist commonalities and motion “blueprint”
between individuals, and, if these low-level motion signatures are connected to higher-
level behavioral interpretations schema like personality traits. Specifically, by using
spatio-temporal features and by exploiting neural networks to predict personality labels
as ground truth, we will strive to reduce the gap between theoretical personality psychol-
ogy models and computational models.

5.1.1. PERSONALITY RECOGNITION USING TRAJECTORY PATTERNS

Authors in [3] showed that even simple actions like walking in public environments in-
volve several complex decisions that are handled in different ways. How pedestrians
interact with the environment was shown to be connected to personality attributes such
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as aggressive or conservative traits [4]. For instance, aggressive behavior is common in
pedestrians who prefer to walk directly towards their destinations, despite other people
moving along their path. On the other hand, conservative behavior is represented by
pedestrians who prefer to take the longer way in order to avoid contact with other peo-
ple. Hence, given our previous work on trajectory understanding (Chapter 3 and Chapter
4), we firstly conducted an exploratory experiment analyzing the participant trajectories
in relation to their personality trait scores.

We selected the Hierarchical Autoencoder model (Chapter 4) for this exploratory ex-
periment. In the previous chapter, we demonstrated that our model is able to learn dis-
criminative motion patterns in an unsupervised manner using a hierarchical architec-
ture based on autoencoders. The model utilizes a final learning layer to study temporal
transitions between motion descriptors using Bayesian probability. On the other hand,
in this paragraph, our goal consists in investigating the mapping between motion infor-
mation and personality recognition. Hence, the Bayesian component is replaced with
a learning component that allows us to embed the personality labels. Due to the im-
pressive results shown by the LSTM networks for both movement learning as well as
multiclass classification, in this experiment, we employ an LSTM network (introduced
in Chapter 2). A softmax classification layer is added on top of the LSTM output with the
goal of mapping trajectory motion patterns to the participants’ personality scores.

In Figure 5.1, we introduce the new architecture of the Personality based Hierarchical
Autoencoder (PHA) used for this experiment. To extract as well as learn short-term mo-
tion patterns, we start by building the hierarchical architecture using Layer 1 (Chapter 4,
Section 4.2.2 and Section 4.2.3). As short-term motion descriptors contain little seman-
tic information, we extract and learn longer trajectory sequences by building a second
layer (Layer 2) in our hierarchical model (Chapter 4, Section 4.2.4 and Section 4.2.5). As
the second layer is the highest layer in the hierarchy, we utilize its encoded trajectories
output as input to the High level inference Layer.

Following the implementation details of the Hierarchical Autoencoder model, we en-
code trajectory patches of 2 seconds of data for Layer 1, and 5 seconds of data for Layer
2. Given the encoded output of our model at time t , we create a spatial grid formed by
g = 3×3 patches, to account for all the possible motion directions (Figure 5.1). In this
way, our grid encodes the three consecutive motion patches at time t , t + 1, and t + 2.
Finally, the spatial grid g is fed to the LSTM learning framework with the goal of map-
ping sequences of motion patches to personality trait scores. In this experiment, we use
a 1-layer LSTM implementation with hidden layer size of 256, and a sequence-to-one
input-output structure, where, t and t +1 are used as sequence input, and t +2 as pre-
diction.

Following previous studies on personality recognition [5], for each participant, we
binarize the score of each trait using the trait’s median. If the score is higher than the
median, we assign the value 1, otherwise we assign the value 0. This exploration exper-
iment is evaluated using each personality trait independently. We divide the data into
training and test sets (80% of the data for training and 20% for testing) using a 5-fold
cross validation approach. In order to investigate the temporal power of our motion de-
scriptor sequences, we compare the LSTM recognition performance to a learning model
that does not include any temporal information. We chose a standard Random Forest
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Figure 5.1: Personality-Based Hierarchical Autoencoder (PHA) architecture used for personality prediction. We
employ the model introduced in Chapter 4, with the addition of an LSTM network as the inference component
because of its ability in capturing temporal dependencies.

classifier as baseline comparison. Furthermore, as baseline, we added a dummy classi-
fier that generates predictions uniformly at random.

Table 5.1: F1 accuracy of traits scores, E= Extraversion, A= Agreeableness, C= Conscientiousness, N= Neuroti-
cism, OE= Open to Experience

Hierarchical layers E A C N OE

Dummy Classifier 50.2% 46.1% 49.4% 51.7% 50.1%
RFC 53.4% 45.8% 50% 55.6% 55.1%
LSTM 58.2% 51.3% 51.5% 59.8% 57.1%

F1 recognition accuracy is reported in Table 5.1. Both classification methods report
results significantly above chance (p-values less than 0.05) for Extraversion, Neuroticism
and Openness traits. Note that the chance level is represented by the dummy classifier’s
scores. The results show that there is a link between motion patterns and the Extraver-
sion, Neuroticism, and Openness traits. Moreover, these results indicate that the infor-
mation extracted from participants’ trajectories such as speed and orientation are con-
nected to some personality attributes. On the other hand, results indicate that, trajectory
information learned by the proposed PHA are not enough to recognize Agreeableness as
well as Conscientiousness traits. A possible explanation may be that these traits cannot
be fully captured by features that do not consider the contextual information. For ex-
ample, in order to infer patterns of the Agreeableness trait, the context should be such
that interactions among individuals are supported, probably in collaborative settings.
Finally, the LSTM network outperforms the RFC classifier, demonstrating that the tem-
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poral dynamics are critical when studying behavioral patterns.

This exploratory experiment showed us that there exists a connection between mo-
tion behavior and personality traits. However, as the proposed model (PHA) was not
designed to encode the complex behavioral patterns present in the data, the model was
unable to grasp in-depth behavioral patterns connected to personality. Hence, in this
chapter, we will explore novel descriptors encoding nonverbal behavioral cues such as
body postures and body gestures. Moreover, as the LSTM network showed promising
results, we will further investigate its temporal power to build a framework designed to
encode behavioral patterns connected to personality attributes.

5.2. INTRODUCTION TO PERSONALITY RECOGNITION USING BE-
HAVIORAL CUES

Personality recognition using behavioral observations is a challenging task due to psy-
chological, as well as technical modeling reasons [6]. First of all, underlying human
mechanisms for emotion and personality understanding are still mostly obscure to the
psychology community. Additionally, human judgment regarding personality evaluation
of others is often too unstable, due to many possible interpretations of human expres-
sive power [7]. Research in Affective Computing has shown big improvements over the
last years, where verbal and nonverbal behavioral cues have been studied for a variety of
applications, such as Human-Computer Interaction (HCI) and Ambient Assisted Living
(AAL) [1].

Modeling human behavioral cues requires a deep understanding of several compo-
nents like facial expressions, gaze, hand gestures, body postures, and conversation dy-
namics. Facial expressions have been shown to provide reliable behavioral and affective
information [8]. However, the detection of faces in unconstrained environments remains
challenging when face sizes are small [9] (i.e. when surveillance cameras are placed at
a distance from the recorded scene), and, furthermore, data of people’s faces may raise
privacy concerns. On the other hand, nonverbal behaviors of human bodily cues have
been shown to be robust, as well as an important predictor for personality [10].

In light of the fact that individuals’ interactions with others are shaped by their per-
sonality [6], nonverbal behavioral cues have been widely studied in social situations. For
example, as shown in [11], extrovert individuals tend to engage in more face-to-face po-
sitions during conversations, and shy individuals tend to avoid walking too close to their
neighbours. Nevertheless, psychological research showed that components such as so-
cial pressure, may affect natural personality displays in social contexts [12]. Further-
more, for applications in AAL where a considerable number of people are living alone,
there is a concrete need for systems able to understand behaviors and personality in
nonsocial contexts. For example, authors in [13] highlighted the need of real-time de-
tection of affective states in HCI to reduce users’ frustration during the interaction with
machines. Imagine a smart home environment where all the sensors are tuned to en-
hance the user experience. If the system understands that a person has a neurotic per-
sonality, it will modify all the settings in the house in order to avoid as much as possible
the tension to arise.

In this direction, personality computing can enhance the understanding of subtle
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human behaviors to make the interaction as natural as possible. Hence, in this chap-
ter, we propose a nonverbal behavior analysis based on skeleton motion features using
Histograms of Oriented Tracklets (HOT) [14], spatial heat-maps, as well as body posture
features extracted in an unsupervised way using Autoencoders [15]. Moreover, as behav-
iors have a dynamic nature, temporal sequences are investigated in an LSTM framework,
for personality recognition (Fig. 5.2).

Additionally, the dataset presented in the previous section is extended with an addi-
tional 27 participants, reaching a total of 46 participants 1. Personality labels were col-
lected using the BFI-10 personality questionnaire, which is the shorter version of the Big
Five Inventory (BFI). To the best of our knowledge, this is the first dataset that provides
sensory data, skeleton tracking information and self-assessed personality labels [2], for
behavior and personality modeling in an unconstrained indoor environment.

The contributions of this chapter are as follows: Firstly, using the BFI-10 personality
questionnaire, we collect the personality scores of all the subjects recorded in the Mul-
timodal dataset (Chapter 3). Then, in contrast with the dimensional approach widely
present in the literature where traits are considered independently within individuals,
we follow a data-driven approach to investigate new personality labels that represent
the configurations of all the traits within individuals. Lastly, we propose a novel frame-
work for personality recognition that encodes spatio-temporal features as well as body
postures using an LSTM-AE model. The proposed model aims to encode body posture
representations in an unsupervised way using an Autoencoder module as well as tem-
poral behavior dynamics connected to personality scores using an LSTM network.

5.3. BEHAVIOR AND PERSONALITY IN A NONSOCIAL CONTEXT

DATASET
While human behavior has been largely studied in social environments [11] and crowded
places [17], few efforts have been made towards the relation between human behavior
and personality in nonsocial situations, e.g. performing individual tasks. In order to pro-
vide a new benchmark to further study the relation between human behavior and per-
sonality recognition, in this study, we released the Behavior and Personality in a nonso-
cial context Dataset. 2

5.3.1. THE NONOSOCIAL DATASET: AN EXTENSION OF THE INDOOR MO-
TION DATASET

The multimodal dataset (Chapter 3) was recorded filming 19 participants performing 6
tasks in an unconstrained indoor environment. As the exploratory experiment described
in Section 5.1.1 showed promising results when mapping motion patterns and person-
ality traits scores, we decided to extend the dataset with more participants.

The experimental room and the experimental design was kept the same to ensure
data compatibility between the two sessions. In the second session, 27 participants were

1The extension of this dataset was part of a project for master students under our supervision. The project
resulted in a publication titled: “Towards Approximating Personality Cues Through Simple Daily Activities”
[16]

2Dataset is available at https://project.dke.maastrichtuniversity.nl/personality/

https://project.dke.maastrichtuniversity.nl/personality/


5.3. BEHAVIOR AND PERSONALITY IN A NONSOCIAL CONTEXT DATASET

5

105

Figure 5.2: Architecture of the proposed system. First, spatio-temporal clusters are derived from skeleton
motion features and spatial heat-maps. Second, from every cluster, an LSTM network is used to map posture
sequences to personality recognition.

involved to perform the same 6 tasks 3. The data was recorded using the Kinect depth
sensor V2 placed at around two meters distance from the ground. Ambient magnetic
sensors, composed by two magnets and a sensor which fires when the state of the two
magnets changes, were placed on two office cabinets and on the entrance door, to detect
opening/closing events.

Personality labels were collected through the same procedure employed in the first
recording session (Chapter 3), i.e. using the BFI-10 personality questionnaire. Even
though shorter than the BFI-44 [18], the BFI-10 was shown to provide reliable scores
because it was built by preserving the questions that best correlate with the results of the
original inventory. In this study, we followed a first-person (self-assessment) strategy,
where participants were told that all questionnaires would remain anonymous, in order
to respect the privacy regulations imposed by the GDPR directives.

The data was cleaned from outliers and recording errors, and finally, the two sessions
were merged to create a novel dataset containing problem-solving ADL activities. The
tasks were designed in a way that only one participant had to be in the room during the
experiment. In this way, the participants could not get any external help on how to solve
the task, and they were “forced” to use their own strategies. Moreover, from a technical
point of view, recording only one participant per task helped to maximize the skeleton
detection and tracking results. As the data contained only single individual behaviours,
the dataset was titled “nonsocial Dataset”.

3The extension of this dataset was part of a project for master students under our supervision. The project
resulted in a publication titled: “Towards Approximating Personality Cues Through Simple Daily Activities”
[16]
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5.4. AN AE-LSTM FRAMEWORK FOR PERSONALITY RECOGNI-
TION

In this chapter, we investigate nonverbal behavioral cues for personality recognition on
the introduced “nonsocial dataset”. Due to the position of the camera, upper body joints
are the most robust to occlusions and noise, and, therefore, in our feature extraction
phase, we consider only eight joints: head, spine, left-right shoulders, elbows and wrists.
For each frame, behaviors are represented in terms of joints relation (posture), motion,
as well as global spatial location (heat-map of the room). As shown in Figure 5.2, first,
we aim at finding areas of the scene where similar activities occur by clustering spatio-
motion features. Second, in every cluster, we aim at extracting and learning meaningful
upper-body sequences for personality recognition using an AE-LSTM framework.

5.4.1. SPATIO-TEMPORAL FEATURES (HEATMAPS)
In every scenario, behaviors are correlated with areas where they are performed in, for
example, the activity of making tea takes place at the tea corner, whereas walking behav-
iors happen in the walking area. In this study, we use a data-driven approach to discover
the main spatio-temporal patterns in the dataset in an unsupervised way (Fig. 5.3). For
the spatial descriptor, we employ the method introduced in Chapter 3 to compute the
level of occupancy in each image region. Firstly, the video scene is divided into 3D not
overlapping patches, where every cube is of size h × w ×d , namely height, width and
depth. Secondly, the heat-map histogram descriptor SP is built by counting the occur-
rences of the upper-body skeleton joint coordinates inside each not overlapping patch
for every time window t1, .., tT . Every time-window t contains 1 second of data. Our
heat-map descriptor is important as it indicates the current location as well as the loca-
tions visited by the subject. If the subject is moving, trajectory points can be found in
more than one patch, whereas if the subject is stationary, points can be found in only
one patch (SP descriptor in Fig. 5.3). In addition to SP , which provides global under-
standing of the movements in the scene, we aim at building a motion descriptor OM
which extracts the local motion information from each trajectory. Specifically, in every
scene patch, an adaptation of the Histograms of Oriented Tracklets [14] is used to en-
code the magnitude and orientation of each upper-body joint in a time window t . For
every frame i in t , we compute the magnitude and orientation of each upper body joint
J = [ j0, j1, ..., jn] with respect to the previous frame. The motion induced by the body
joints is highly correlated, for example, when we walk towards a direction, the head joint
as well as as the arms joints may present the same motion information. Nevertheless,
we are not really using our arms nor our head for the activity, all the joints are mov-
ing because they are connected to the whole body. In this case, we could have a biased
information that we are moving the arms in areas of the scene in which there are not in-
teresting objects. Therefore, to remove this correlation, we subtract the magnitude value
of the head joint ( j0) from all the other upper body joints ( j1, .., jn−1). Our goal is to high-
light discriminative movements that do correspond with an activity of daily living versus
general movements like walking or sitting. The obtained motion values are quantized
in M A = 3 bins for magnitude and OR = 8 bins for orientation (see Chapter 3, Eq. 3.2).
Every histogram descriptor OM j is of size OM = OR ×M A (OM descriptor in Fig. 5.3).
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Figure 5.3: Spatio-temporal heatmap SH used to discover the main spatio-temporal patterns in the dataset in
an unsupervised way. We compute the motion descriptor OM on the tracklets that populate every scene patch
in SP .

Finally, the spatial and motion information are concatenated to form the final feature
vector of size SHt = (h ×w ×d)×OM × J .

5.4.2. SPATIO-TEMPORAL CLUSTERS
Using the Spatio-temporal heatmap described above, we aim at finding areas of the
scene where similar activities occur in an unsupervised way. Hence, we employ the
Gaussian Mixture Models (GMM) clustering technique [19] on the heatmap features SHt

to find a set of clusters that defines a clear separation between behavioral patterns. For
example, searching for an object produces different spatio-temporal information than
the activity of making tea, as they are happening in different regions of the scene and
they are characterized by different motion magnitudes. Because GMM is a probabilis-
tic model, we can treat the clustering task as “soft” assignment, being more robust to
outliers and noisy data. In the next sections, we will explore the posture dynamic inside
each discovered cluster using an AE-LSTM framework.

5.4.3. UNSUPERVISED POSTURE REPRESENTATION
In this section, we introduce a novel approach to learn upper body posture representa-
tions using autoencoders [15]. Our approach consists of two parts: posture extraction
and posture learning.

Skeleton-based representations have shown promising results in encoding spatial
and temporal relations among body joints for the task of action recognition. Towards this
goal, various techniques have been proposed in bibliography, while the use of artificial
neural networks has received significant attention [20, 21]. Therefore, we propose a new
descriptor which is optimized for an autoencoder framework and it aims to learn in an
unsupervised way the skeleton joints local relation through posture.

For every frame, we build a new binary image of size s × s around the upper body
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skeleton data, where the pixels corresponding to the eight joints of interest are set to
a value equal to one, and the rest of the patch is considered as background, with pixel
values equal to zero. The image size is selected to account for all possible situations in
which the joints could appear (e.g. when the arms are wide open the overall posture
size is bigger than when the arms are closed). Single skeleton coordinates x, y are too
sparse to be learned in an efficient way and, moreover, the pose information conveyed is
limited. Hence, following their natural physical connections (i.e. left shoulder and right
shoulder), related joints are connected by a line with a value equal to one (Figure 5.4).

Even though we built the descriptor considering only the x, y information, the z co-
ordinate is not lost. In fact, as showed in Figure 5.4, the body information inside our de-
scriptor is not normalized, nor centralized, resulting in a body representation that varies
its size according to the actual distance to the camera (i.e. z coordinate). For example,
the frames where the skeleton is far away from the Kinect sensor (high value of z), will
contain a body posture with a smaller size than the ones in which the skeleton is closer
to the sensor (Fig 5.4). The advantages of our descriptor are the following: 1) we preserve
the local spatial relation between joints for posture learning, and 2) we reduce the learn-
ing problem complexity by using a binary image, where the desired information is set to
a value equal to one, and the background is set to zero.

Encouraged by the impressive results of autoencoders in image reconstruction, a
deep autoencoder is trained to minimize the input reconstruction error 4. For each au-
toencoder layer L = [l1, ..., ln], the encoder f L and decoder g L functions are designed
to reconstruct the input data X , represented as a vectorized set of input features X =
[x1, . . . , xn], as good as possible in an unsupervised way. Given our binary image as input
data X , the encoding step is obtained using the encoder function f L , while the mid-level
representation is denoted by hL and the decoding step is captured by the function g L

for obtaining the reconstructed inputted denoted as X̂ (see more details about Autoen-
coders in Chapter 2 Section 2.3).

The optimization goal is to minimize the error between the input data X and the
reconstructed data X̂ , using stochastic gradient descent with adaptive learning rate and
cross-entropy (CE) (Chapter 2 Eq. 2.5).

In Fig. 5.4, we start by visually inspecting the reconstructed images using the deep
autoencoder (with L = 2) learned weights with hl1 = 900 hidden units in the first layer
and hl2 = 225 units in the second layer. Different postures are clearly visible, where the
2D skeleton information (x, y) embeds the spatial relation between the joints. Moreover,
the proposed autoencoder shows to be robust to varying skeleton sizes, proving that our
framework in able to embed the z values (i.e. depth values).

5.4.4. POSTURE DYNAMIC MODELING AND PERSONALITY RECOGNITION

USING LSTM
Although the posture features described above have been shown to be important indica-
tors for personality recognition [22], [23], the temporal nature of human behaviors also
plays an important role in personality recognition [24]. For this reason, we propose to
use an LSTM network to learn behavior dynamics. By adding a classification layer on top

4For our experiments we used NVIDIA Titan X GPUs.
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Figure 5.4: Raw posture descriptors and corresponding reconstructions. The autoencoder weights learn the
2D joints relation, while depth information is retained through the relative size of the skeleton.

of the LSTM output, recognition of the participants’ personality type is performed.

LSTM networks have shown good accuracy for movement learning, however, in clut-
tered and noisy scenarios, a single LSTM network lacks learning capacity [17]. Hence, as
described above, cluster analysis is performed on the spatio-temporal heatmap (Section
5.4.2) to reduce motion ambiguities given by the unconstrained experiment scenario.
Subsequently, inspired by [25], an AE-LSTM framework is trained in each cluster inde-
pendently for posture sequence learning and personality recognition (Fig. 5.2). Posture
features are extracted from each generated cluster and encoded for every frame using
the deep autoencoders described above (Section 5.4.3). A limitation of our method is
that some clusters do not have enough data to encode posture sequences of 30 fps. For
this reason, we empirically down-sampled the skeleton sequence to 8 fps, without loss
of information. Finally, for each cluster c, an LSTM network is trained to map posture se-
quences [x1, .., xt ] of length T = 8 to personality type y, y ∈ 1, . . . , yn , where each sequence
item xi is encoded by the deep autoencoder and contains 225 features as described in
Section 5.4.3. Our training objective is two-fold: firstly, we aim to learn the posture dy-
namics in each spatio-temporal cluster and, secondly, we aim to capture the relations
between behavior display and the associated personality label. In this work, we imple-
mented an LSTM network as in [26], that uses memory cells ht for each time slot, with
input gates i t , forget gates f t and output gates ot , applied on the input node g t , and as
output, a dense layer followed by a softmax activation function for enabling a multilabel
classification (see LSTM introduction in Chapter 2).

5.5. EXPERIMENT AND RESULTS

In this Section, the experiments are explained in detail. Firstly, data analysis on partici-
pants’ personality scores provides the ground truth for the task of automated personality
recognition making use of the features and methodology discussed above.

Secondly, personality recognition using an LSTM framework is carried out to inves-
tigate the relation between low level nonverbal behavioral features and personality dis-
play.
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Figure 5.5: Z-score values of the personality traits in each personality types (Undercontrolled, Resilient, Over-
controlled).

5.5.1. PERSONALITY DATA ANALYSIS

The field of personality recognition is dominated by the dimensional approach of the
Five Factor Models [1] in which the score of each trait is considered in isolation [27].
However, this approach fails in considering the traits’ configurations and their depen-
dencies within a person. In fact, combinations of traits can provide more information
than interpreting one scale at a time. For example, if we have to describe an individual
as being “friendly”, we have a higher chance to be close to the real behavior representa-
tion if we use high scores on both the Agreeableness and Extraversion scales. By contrast,
an individual with high Agreeableness but low Extraversion will tend to be perceived as
docile or conformist [27].

In this work, we hypothesize that, by using configurations of personality traits, our
model can learn behavioral patterns that are closer to how individuals describe their
personality. In this perspective, personality types are described in terms of unique com-
binations of traits. There have been several propositions of personality types, e.g. the
16 personality types proposed by [28], or the types based on temperament proposed by
[29]. Numerous studies confirmed the theory proposed in [30], in which all the personal-
ity traits can be organized in three major types: Resilient, Undercontrolled and Overcon-
trolled. Resilient personality type showed below average Neuroticism, and intermediate
or above average for the rest of the traits, the Undercontrolled type usually scores high in
Neuroticism and Extraversion and, finally, the Overcontrolled type scores below average
on Extraversion and above average on Neuroticism.

In this study, we propose to follow a data-driven approach, applying a clustering
technique on the participants personality traits scores, to find a higher convergence of
traits. The results of the short BFI version [2] give the score of the five traits on a 1-10
scale, hence, every subject is represented by a vector v = 1×5. Hierarchical clustering
was applied, and the best inter-class intra-class similarity was given by ny = 3 clusters.

In order to provide semantic descriptions of the discovered clusters, following the
same procedure as in [27], we display the z-score of the three clusters compared to the
population mean provided by [31]. In Fig. 5.5, we show the results which are consis-
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tent with the theory proposed in [30], as the resilient personality type has a lower neu-
roticism score and a higher extraversion score than the population mean. The under-
controlled type exhibits extraversion as well as neuroticism above the population mean,
and finally, the overcontrolled personality type showed a low score in extraversion and
a high score in neuroticism. The resilient cluster was found to be the most populated
with 21 participants, the overcontrolled cluster contains 15 participants and, finally, the
undercontrolled cluster contains 10 participants. These findings provide a new way of
labelling personality, and will be used as ground truth for our personality recognition
experiments. The novelty of the approach is given by the fact that our model is able to
learn directly different combinations of the big five traits using only three labels.

5.5.2. SPATIO-TEMPORAL CLUSTERING OF NONVERBAL BEHAVIORS

In the proposed study, we aim to map nonverbal behavioral features to personality la-
bels for personality recognition. The proposed benchmark is very challenging due to
its unconstrained structure, where participants could adopt any strategy to complete
the 6 tasks (introduced in Chapter 3). Furthermore, analyzing the task independently
would considerably reduce the training data making the clustering results and the LSTM
prediction too task-specific. Therefore, the six tasks were organized in three semantic
activity types called: “searching-activities” (A1), “problem-solving activities” (A2), and
“daily-routine activities” (A3). The first set of tasks (1- Look for an item in the room,
and 2- Look for an item hidden in the room) constitutes the “searching-activities”, they
have a medium problem solving difficulty, as the participants are required to search for
predefined objects hidden somewhere in the room. The second set of tasks constitutes
the “problem-solving activities” (3- search for an item that was not in the room, and
4- memorize the content in all drawers of the two cabinets), and have a high problem
solving difficulty, as the participants need to firstly search for objects that are not in the
room, and then they have to try to remember the content of each cabinet in the scene.
Finally, the last set of tasks constitutes the “daily-routine activities” (5- sit at the table to
complete two questionnaires, and 6- make tea) have a low problem solving difficulty, as
the participants are asked to perform simple tasks, like making tea.

For each activity type, we aim to obtain spatio-temporal clusters representing differ-
ent behavioral patterns. Spatio-temporal descriptors (Section 5.4.1) are extracted at an
interval of tτ = 1 seconds and GMM clustering is applied to find K clusters. The opti-
mization of the intra-clusters variance with respect to the total variance is used to se-
lect the correct number of clusters. For the searching-activity task, K = 17 clusters were
found, for the problem-solving activity task K = 19 and, finally, for the daily-routine ac-
tivity tasks, K = 16 clusters were found.

In Figures 5.6 - 5.8, we show the top three most populated clusters in each activity
type. To visualize the content of the clusters, we average the values of the samples in
each cluster. Pixel values range from dark blue, which shows low activity, to dark red,
which shows high activity. For displaying purposes, in these figures, we deconstruct the
feature vector SH back into the spatial features SP and the skeleton temporal features
OM separately. In the first row, the spatial heat-map information SP is displayed. The
second row shows the skeleton motion information OM in the respective clusters. For
displaying purposes, we show only the M = 3 magnitude bins on the y-axis, for each of
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Figure 5.6: Top three most populated clusters on the searching-activity tasks. The first row shows the heat-
map of the spatial information, while the second row shows the mean values of the skeleton motion informa-
tion in the respective clusters.

the j = 8 upper-body joints on the x-axis. The body joints are plotted in the following
order: head, left shoulder, right shoulder, left elbow, right elbow, left wrist, right wrist
and spine.

In the searching-activity tasks shown in Fig. 5.6, participants walked around looking
for items, covering many parts of the scene. This behavior is reflected in the spatial as
well as motion information. The spatial information (top row) from the three clusters
presents high values covering almost the entire room. Likewise, the motion information
(bottom row) reports high motion from all the joints. Additionally, the motion informa-
tion is very informative for defining meaningful sub-behaviors of searching activities.
For example, the first cluster contains high movement of the head (joint number zero),
but slow movement of the other joints, which characterize a walking behavior. On the
contrary, in the second and third cluster, motion cues from the other joints can be no-
ticed, showing that the participants were exploring the content of the scene in order to
complete the tasks.

In the problem-solving activities (Fig. 5.7), walking patterns are more focused on
specific areas of the scene. As participants were challenged to fulfill the tasks with a high
problem solving difficulty, they needed to focus more when searching for the hidden
object or when studying the content of the cabinet. Hence, the spatio-motion clusters
depicted in the picture have high peaks in specific areas, like the cabinet or the table,
where participants had to perform the activity. As the participants had to move from
one area to the other, we still have medium-valued spatial information (azure colors) in
several spatial locations.

Finally, the daily-routine activities (Fig. 5.8) are characterized by a different spatio-
temporal salience map. Participants were mainly concentrated in the areas of the table
(filling questionnaire task) and the tea corner (making tea activity). In the first clus-
ter, movements of the head and arms (elbow and wrist joints) indicate that participants
were performing the activity of making tea, whereas in the third cluster, where partici-
pants were sitting at the table, the reported joint movement is little. Our cluster analysis
provided spatio-temporal separations between behavioral patterns in an unsupervised



5.5. EXPERIMENT AND RESULTS

5

113

Figure 5.7: Top three most populated clusters on the problem-solving tasks. The first row shows the heat-map
of the spatial information, while the second row shows the mean values of the skeleton motion information in
the respective clusters.

Figure 5.8: Top three most populated clusters on the Daily-activity tasks. The first row shows the heat-map of
the spatial information, while the second row shows the mean values of the skeleton motion information in
the respective clusters.

manner. Hence, for each cluster, an LSTM network is trained using the posture features
introduced in Section 5.4.4.

5.5.3. PERSONALITY RECOGNITION
In this section, we test the strength of our proposed framework on personality recogni-
tion experiments. In particular, our goal is to compare three methods: 1) The proposed
method which exploits the combination of LSTM networks and clustering. Specifically,
an LSTM is trained in each spatio-temporal cluster found in the activity types (PRC L)
(Section 5.4). 2) A standard LSTM is trained without clusters in each activity type (PRAT ).
3) Personality based Hierarchical Autoencoder (PHA) introduced in Section 5.1.1 and
based on the work described in Chapter 4 which combines trajectory patches and an
LSTM network.

We used two testing procedures: K-fold cross-validation (K-fold) and Leave-One-Out
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LSTMs A1 A2 A3
f1 CE f1 CE f1 CE

PRC L 0.615 1.298 0.6404 1.287 0.7395 0.8765
PRAT 0.5263 1.697 0.5872 1.425 0.7269 0.9342
PH A(sec 5.1.1) 0.506 1.823 0.529 1.623 0.544 1.58

Table 5.2: F1 accuracy and cross-entropy error (CE) for personality recognition using the K-Fold cross-
validation testing procedure. The activity types are: A1=searching activities, A2=problem-solving activities
and A3=daily-routine activities.

(LOO) cross-validation. The K-fold procedure is carried-out by using 80% of the data
across participants for training and 20% for testing for 5 times. The LOO procedure is
carried out by using each participant as test set, training the model on all the other par-
ticipants. The LOO procedure is repeated until all the participants have been used as test
set. Note that the reported results are the average of all these repetitions.

In Table 5.2, we report the classification F1 score as well as the cross-entropy error
(CE) of the K-Fold cross validation experiment. Note that, due to the fact that LSTMs are
trained using a cross-entropy loss function, we report CE reflecting the difference be-
tween the predicted label ŷ and the actual true label y distribution (Chapter 2, Eq. 2.5).
Results highlight that even a general LSTM framework can successfully map the pro-
posed nonverbal behavioral features to personality display. Furthermore, it is evident
that separating behavioral patterns using a clustering technique, reduces the ambiguity
of the posture sequences and improves the recognition within each activity type. The
best accuracy result is obtained in the activities within the daily-routine type, where par-
ticipants were asked to perform daily activities, experiencing less pressure and a low level
of challenge. This set-up allowed them to create more relaxed and smooth movements,
that were better captured by our autoencoder-LSTM framework.

To verify that our model does not overfit over participants’ data, our second evalu-
ation is carried-out using a LOO procedure. To overcome the imbalanced personality
labels explained in Section 5.5.1, we randomly under-sample the majority classes, ob-
taining a dataset with ten participants per class. Therefore, for every participant p in the
dataset, we classify all the corresponding posture sequences and we report the mean re-
call accuracy score, as well as the CE in Table 5.3. The recall accuracy was chosen in this
experiment, because every sample of the test participant has a fixed personality label,
making the precision accuracy always equal to 1, and therefore biasing the f1 score. The
obtained results are in line with the system performance showed in the previous experi-
ment where the proposed PRcl was the most robust model. Also with this experimental
procedure, the best accuracy was obtained for the daily-routine activities.

Finally, to further investigate the personality recognition performance of our system,
in Fig. 5.9, we show the confusion matrices obtained in the LOO experiment procedure
for all the activity types (i.e. A1= searching activities, A2= problem-solving activities and
A3= daily-routine activities). Overall, the Resilient (R) and Overcontrolled classes (O)
obtained the best results, showing that our LSTM framework could learn to distinguish
their different configurations of personality traits. In this sense, Resilient and Overcon-
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LSTMs A1 A2 A3
Recall CE Recall CE Recall CE

PRC L 0.5148 1.455 0.5333 1.403 0.6116 1.3897
PRAT 0.4745 1.852 0.5 1.4918 0.5134 1.5109
PH A(sec 5.1.1) 0.4533 1.972 0.49 1.9265 0.5122 1.5153

Table 5.3: Mean Recall accuracy and cross-entropy error (CE) for personality recognition using the LOO testing
procedure in the three activity types. The activity types are: A1= searching activities, A2= problem-solving
activities and A3= daily-routine activities.

Figure 5.9: Confusion matrices obtained in the LOO experiment procedure for the three activity types. Labels
are: U= undercontrolled, R= resilient, O= overcontrolled.

trolled classes contain significant differences in the Extraversion and Neuroticism traits,
suggesting that these traits are the most relevant to our experiment.

5.5.4. PERSONALITY VISUALIZATION

To understand which discriminative patterns our LSTM network learns for each per-
sonality type, we display in Fig. 5.10 the part of sequences that obtained the highest
confidence during the recognition phase. In particular, given our sequences of length
T = [t1, t2, ..t8], for visualization purposes, we select the first, the middle, and the last
frame, namely t1, t4, and t8.

We can observe that the Resilient personality (second row), has a more relaxed and
expressive posture than the Undercontrolled (first row) and Overcontrolled (third row)
personalities. Given its traits configuration (i.e. low Neuroticism and high Extraversion),
individual falling in the Resilient personality group may show more relaxed and talkative
attributes than the other groups.

On the other hand, the Undercontrolled (first row) as well as the Overcontrolled
(third row) personalities, present sequences with stiffer postures. More specifically, these
postures indicate that the individuals were busy searching for objects. In a data driven
way, the model have learnt to associate these types of behaviors to the Undercontrolled
and Overcontrolled personality types. Hence, we can assume that these types of per-
sonalities showed searching and inspecting behaviors more often than the participants
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with Resilient personality. These nonverbal behaviors may be interpreted as being fo-
cused/stressed to complete the tasks, with no interests in social contact with the experi-
menter, supporting its traits configuration (i.e. high Neuroticism and low Extraversion).

Figure 5.10: Visualization of the sequences that obtained the highest recognition confidence for each person-
ality type. The labels are: u:undercontrolled, r:resilient, o:overcontrolled.

5.6. CONCLUSIONS
In this chapter, the extension of the multimodal dataset from Chapter 3 was introduced,
and, by collecting personality traits information of the participants, we proposed a novel
dataset for behavior understanding and personality recognition. Forty-six participants
performed six tasks belonging to three daily activity types: searching, problem-solving
and daily-routine activities. To the best of the authors’ knowledge, this is the first dataset
that provides depth data, skeleton tracking information for individual behavior analysis
and personality labels. In the first section of this chapter, we performed an exploratory
experiment using an adaptation of the Hierarchical Autoencoder introduced in Chapter
4. The results indicated that a link exists between personality attributes and participants’
trajectory cues. As the motion information was not enough to fully capture the relation
between behavioral patterns and personality, in this chapter, we proposed a novel frame-
work based on body representations and LSTMs, in order to take advantage of the tem-
poral nature of the data. Body posture information was extracted from a novel binary
image feature and encoded using a deep Autoencoder. The encoded output was fed to
the LSTM networks to take advantage of the temporal nature of the data. Furthermore, in
this chapter, we did not consider the personality traits as independent dimensions, but
we studied the distributions of the traits within an individual. In particular, following
a data driven strategy, we apply a clustering technique on the participants personality
traits scores, to find a higher convergence of traits (called personality types).

The effectiveness of the proposed framework and the validity of the dataset were
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demonstrated by two personality recognition experiments, providing interesting insights
regarding the relation between nonverbal behavioral cues and personality attributes.
In the next chapter, human motion analysis is fused with surrounding information for
studying the relation between human behaviors, contexts, and personality attributes.
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Being the center of attention: A

PERSON-CONTEXT CNN
FRAMEWORK FOR PERSONALITY

RECOGNITION

This chapter is based on the following publication:

• D. Dotti, M. Popa, and S. Asteriadis, “Being the center of attention: A person-
context cnn framework for personality recognition”, in ACM Transactions on In-
teractive Intelligent Systems (TiiS), vol. 10, no. 3, pp. 1–20, 2020.

Personality computing [1] is the field in which theories coming from the areas of ma-
chine learning and psychology merge to create computational models for personality
understanding. In the previous chapter, we presented a study which aimed to map hu-
man movements to personality attributes in a novel dataset based on 6 problem-solving
tasks. Results showed that there exists a link between how participants moved, and re-
acted to the tasks, and their personality scores. However, as we only started to scratch
the tip of the “personality computing iceberg”, several challenges connecting human be-
haviors and personality still remain unanswered. First of all, given the uncertain delin-
eations of human behaviors in different situations, it is extremely challenging to build
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Figure 6.1: High level description of the proposed model. Individual motion descriptors as well as two Context
descriptors are learned in a novel CNN framework for personality recognition. Individual motion descriptors
(red color) indicate the engagement level of every person in the scene, social group descriptors (green color)
indicate the engagement level of individuals in conversational groups, and finally, the context proxemics de-
scriptors (purple color) indicate the global attitude of each individual with respect to the others.

generic systems, which would work in diverse scenarios. As a consequence, recent per-
sonality computing systems have mostly focused on scenario-specific problems (e.g. job
screening interviews [2], activities of daily living [3], and work meetings [4]). Secondly, as
humans are by nature social beings, personality displays have been well explored during
social interaction. However, few efforts have been made towards a generic system that
maps personality attributes in both social as well as nonsocial situations.

Hence, in this chapter, we focus on building a novel architecture for personality recog-
nition in different scenarios. In computer vision, contextual information has been shown
to improve several challenging tasks such as action recognition [5] and social scene un-
derstanding [6]. Building on these findings, we aim at understanding the mutual relation
between behaviors that comes intrinsically from individuals (e.g. motion) and informa-
tion that comes from the context (e.g. social/nonsocial situations).

Imagine a social scenario in which different interpersonal styles influence the group
interaction, for example, individuals that strive to be the center of attention will try to
actively capture the attention of the rest of the group, resulting in the group acting more
passively [7]. By combining information at the individual level with information at the
context level, a robust semantic understanding of the situation is perceived. Even if in-
dividuals are in a nonsocial scenario (e.g. when an individual is alone at home), it has
been shown that people engage with contextual objects as they would engage with other
humans (i.e. Anthropomorphism) [8]. Therefore, by examining the interaction between
human behaviors and the surrounding scene, important information about human per-
sonality can be extracted.

In the field of smart monitoring systems, behavioral insights can be used in different
situations depending on the final users. Institutions like the police can use advanced
behavioral insights for assessing crimes or fights in public spaces [9]. Private users can
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benefit from advanced behavioral features to make their systems highly personalized. In
this chapter, we focus on the latter objective, aiming to advance one of the most impor-
tant systems design principle: “know the user” [10], using personality computing. There
are several ways in which users’ information can be gathered through an interactive sys-
tem; the standard way is the “active interaction”, where the user is actively engaged with
the system, for instance by pushing buttons or performing some actions. In the last
years, with the advance of the technological power as well as sensors precision, humans
started to use smart devices (e.g. mobile phone, wearables) in most of their daily activity.
Hence, through passive measurements and observations of these activities, we can learn
highly personalized behavioral patterns.

In this direction, we believe that automatically recognizing users’ personality through
“passive interactions” can improve the user’s experience as well as can increase the sys-
tem acceptance [11]. For example, the user does not have to actively declare his/her
current affective state, mood, or personality to the system, but the system aims to under-
stand and subsequently make actions adapted to the user’s personality [12–14]. There-
fore, by making automatic personality recognition systems more accurate and robust to
different contexts, we are improving the system capacity to interact and adapt more like
a “human” (i.e. perceiving more subtle human characteristics).

In the last few years, deep neural network (DNN) architectures achieved reliable re-
sults in the field of Personality Computing, using video [3], audio [15], as well as multi-
modal data [16, 17]. However, despite the growing effort, many challenges still remain to
be tackled. First of all, datasets providing personality labels are still limited, resulting in
ad-hoc methods for specific contexts [3, 18], and, secondly, findings about personality
are often too restricted to a research field (i.e. either psychology or computer vision).
Thus, computational frameworks providing both quantitative as well as qualitative re-
sults are crucial to enable future interdisciplinary collaborations.

In this chapter, we propose a novel architecture based on Convolutional Neural Net-
works (CNNs) [19] for personality recognition, by studying the interaction between Per-
son and Context information in a general manner, both in a social and a nonsocial con-
text. In Fig. 6.1, we show the high-level description of the proposed system. Besides
the Person motion Descriptor (red color), computed for every individual in the scene,
context information is extracted at different levels of granularity. On the one hand, we
compute the Social Group Motion Descriptor (green color) on individuals engaging in
close social interactions, where, by social interactions we imply the mutual interaction
between two or more people [20]. Social groups are usually the result of these social in-
teractions, where individuals stand near each other to discuss about some topics. With
this descriptor, we aim at encoding the motion interactions within the same social group.
Moreover, in most situations, a social scene is associated with several groups of people
interacting with each other. Therefore, in order to encode the group-to-group interac-
tion, we compute the Context Proxemics Descriptor (purple color), where we consider
the interpersonal distance among all the individuals in the scene. This information is
useful to understand the relation between individuals in the scene, regardless whether
or not they interact in social groups. Additionally, in this chapter, we show that the pro-
posed Context Proxemics descriptor is general enough to be applied also in a nonso-
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cial scenario. As shown by several researches [21, 22], personal distances as well as per-
sonal spatial zones preferred by humans when interacting with an inanimate object (e.g.
robot) would be comparable to those preferred when humans interact socially with each
other. Hence, when individuals are in a nonsocial scenario, distances between individu-
als and the main objects in the scene are captured.

Finally, the contributions that will be presented in this chapter are as follows:
First, we propose a novel, end-to-end, multi-stream CNN framework to analyze individ-
ual, as well as context information, for personality recognition using video data. This
method is robust to different types of data (e.g. RGB or depth images), different types of
camera settings (e.g. fps and resolution), as well as different scenarios (e.g. social as well
as nonsocial situations).
Second, in addition to individual motion descriptors [23], that are transferred from the
activity recognition field, novel CNN descriptors are proposed to encode the surround-
ing context in different scenarios. Transforming different sources of information (e.g.
Person-Context) into CNN descriptors with the same backbone structure has the great
advantage of facilitating the discovery of common latent representations. Additionally,
a novel pooling strategy is added, to encode the social group interaction.
Third, to demonstrate the generalizability of our algorithm, experiments are carried out
on two public datasets. Results show that our Person-Context model outperforms state-
of-the-art methods. Additionally, to demonstrate the robustness of the learned person-
ality patterns, we evaluate our framework using two different sets of personality classes
as training labels (personality traits [24], as well as personality types [25]).
Fourth, by visualizing the CNN activation map for both high and low scores of each per-
sonality trait, we pose the following questions: 1) Is the relation between Person-Context
dynamics reflected in the traits? and 2) Do the dynamics correspond to the trait attributes
defined by psychologists? Our qualitative results provide new insights into the interac-
tion between context and individuals’ behavioral cues for behavior and personality un-
derstanding.

6.1. PERSON-CONTEXT FRAMEWORK

In this chapter, we jointly model the nonverbal behavioral cues from single individu-
als, with surrounding context information, for personality recognition using video data.
Theoretical models such as the Laban Movement Analysis (LMA) [26] conceptualize the
relation between human motion and the surrounding space. Although this model was
proposed initially to describe dance movements, authors in [27] and [28] adopted cer-
tain concepts for Human to Human and Human-Robot Interactions. Moreover, while
psychological studies have demonstrated the tight relation between contextual infor-
mation and personality patterns [29], works considering both sources of information
are quite limited in the computer vision community. Therefore, inspired by these inter-
disciplinary research themes, we propose an automatic personality recognition system
using a person-context deep model.
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Figure 6.2: Framework architecture. The Person-Context streams (pm, sm, pd) are extracted from video se-
quences (0) and processed separately (1, 2, 3). The output descriptors are fused in FC layers (4) and finally, a
softmax layer is employed for personality recognition.

6.1.1. ARCHITECTURE

The proposed architecture is shown in Fig. 6.2. Given a set of frame sequences t1, t2, .., tT ,
we first run a pose estimation algorithm [30], to detect the individuals in the scene (Fig.
6.2). As the algorithm proposed in [30] does not track the detected skeletons, a frame by
frame tracking algorithm is added using the OpenCv library [31]. The goal of the frame by
frame tracker is to identify which skeleton in one frame corresponds to the same skele-
ton in the next frame. Given the detected skeletons pn(n ∈ [1, .., N ]) where N is the total
number of subjects in a social sc s or nonsocial scene scns , we aim to map Person as
well as Context information to personality labels. One disadvantage of jointly modeling
different sources of data is that their intrinsic structure is too diverse, making the learn-
ing process more complex. Differently, one key aspect of the proposed method is to use
the same backbone structure (i.e. cylindrical coordinates descriptors, Fig. 6.2 (1)), to
describe the various types of information. In this way, different feature modalities are
mapped onto the same feature space, allowing the creation of the same network struc-
ture (Fig. 6.2 (2) and Fig. 6.2 (3)). Note, the extracted components are general enough to
deal with nonsocial scenes scns , where, the Social Group Interaction (Fig. 6.2 (b)) will be
set to 0, and the Context Proxemics Descriptor (Fig. 6.2 (scns )) will encode interactions
with semantic objects in the scene. Finally, Fully-Connected Layers (FC) are adopted
to fuse the features extracted by the distinct streams, and a Softmax layer is added for
the personality recognition task. As follows, detailed explanation of every component is
provided: the Person descriptor is described in Section 6.1.2, then, novel Context CNN
descriptors are presented in Section 6.1.3 and Section 6.1.4. The training procedure is
introduced in Section 6.2, and, finally, quantitative as well as qualitative results are re-
ported in Section 6.3, Section 6.4, and Section 6.5, respectively.

6.1.2. PERSON MOTION

Nonverbal behavioral cues have been studied extensively as personality patterns de-
scriptors [3, 32]. In this section, skeleton pose information, extracted using the algorithm
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proposed in [30], is employed to create the “Person” descriptor pm (Fig. 6.3 ), in the pro-
posed Person-Context framework. Inspired by [23], we create temporal “skeleton clips”,
to describe the relative motion of each skeleton joint j1,...,J , where J = 17. In particular,
for every frame sequence of size t , where t is the number of frame in 1 second of data, the
relative positions of all skeleton joints are computed with respect to four reference joints
Jr1,...,JR , where JR = 4 (i.e left shoulder, right shoulder, left hip, and right hip). Since
the joints positions are declared in the Cartesian coordinates, following [23] and [33], we
transform their distances in Cylindrical coordinates (Eq. 6.1). Cylindrical coordinates
are composed by three terms: ρ, θ, and z. The term ρ is defined as the euclidean dis-
tance between the reference joints Jr JR and the observed joints j J , the term θ is defined
as the angle between the reference joints Jr JR and the observed joints j J , and the term z
is the difference considering only the vertical axis between the reference joints Jr JR and
the observed joints j J . The three descriptors ρ Jr,p ,θJr,p , z Jr,p are of size t×(J−1) for each
reference joint Jr . As JrR are computed on the same temporal sequences, we decided
to concatenate the information on the vertical axis. Hence, the size of our final person-
motion descriptors ρpm,p ,θpm,p , zpm,p are of size (t × JR)× (J −1). Finally, to make our
pm descriptors suitable for a CNN architecture, we convert their value between 0−255.

pm = (ρ Jr ,θJr , z Jr ) = (
√

(x Jr −x J )2 + (y Jr − y J )2, tan−1
(

y J

x J

)
, y Jr − y J ) (6.1)

6.1.3. SOCIAL GROUP MOTION
Given a social scene sc s , the modeling of social group interactions [34] is a challenging
task for behavior understanding. Since interaction dynamics are affected by the behav-
iors of single individuals involved in the group, the understanding of each personality is
of great importance to unfold the social group evolution. For example, an extroverted
person will tend to be actively involved in the group, while an agreeable person will tend
to be more passive [18]. In this section, we explain how social group motion information
can be encoded using the cylindrical descriptors (Eq. 6.1).

First of all, we use the code provided by [20] to detect social groups g1,...,G in the scene.
Every social group is composed by p1,...,(M(g )) individuals (M(g ) is the total number of
individuals in a social group) with his/her distinctive motion dynamics. Note that, we
exclude from M(g ) the target person (the person whose personality will be predicted).

Hence, we utilize the same approach described in Section 6.1.2 (Eq. 6.1) to extract the
person motion information on each member of the group, obtaining pmM

G . As groups
frequently vary in their number of members, we face the challenge of having different
number of descriptors at different time stamps. For example, the social group g1 at frame
i is formed by M = 4 individuals, hence, we will encode the motion of each individual in
the group, computing pm1,..,4

g1
. However, at frame i +1, an individual left the social group

g1 to join another group. Hence, at frame i + 1, we will compute pm1,..,3
g1

descriptors.
Obviously, this solution is not optimal for CNNs which expect the input to have the same
dimensions at every time stamp.

To resolve this problem, our intuition is to take advantage of our image-like descrip-
tors, and apply a pixel-wise pooling strategy (e.g. average pooling or max pooling) on
pmM

G to downsample M descriptors to 1 descriptor. With this strategy we aim at re-
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solving the practical problem of having different number of descriptors at different time
stamps as well as encoding the social interaction happening within the detected social
groups.

We believe that learning at the same time individual behaviors as well as social group
behaviors can help us to identify more clearly personality attributes. For example, if
a person has a strong personality, is likely to push his/her idea to all the members of
the social group. In this situation, our descriptors could describe high motion from the
individual with a strong personality and low motion from the rest of the group. Vice
versa, if an individual has an agreeable personality, our descriptors could describe high
motion from the individual person as well as the social group.

SOCIAL MOTION POOLING

Assume that there are g1,...,G social groups in the scene at frame i . Every social group is
composed by p1,...,(M(g )) individuals (M(g ) is the total number of individuals in a social
group) with his/her distinctive motion dynamics. We consider a social group as a set
of distinct individuals that interact with each other, and, therefore, affect each other’s
motion dynamics. Firstly, given a social group g1, we start by encoding the behavior of
every individual using Eq. 6.1 to obtain pmM

g1
, each of size (t × JR)× (J −1). Secondly, we

aim at applying a pooling strategy on these image-like motion descriptors to encode the
overall social interaction.

The pooling approach has the advantage of preserving the spatio-temporal structure
of our descriptors while summarizing the social group interaction. We focus on the two
most conventional pooling operations, max pooling and average pooling. Choosing the
right pooling strategy is important to “downstream” the descriptors to a fixed dimension
independently from the social group size, as well as encoding the group motion dynam-
ics.

Pooling operations are performed on the three cylindrical descriptors independently
(ρM(g ), θM(g ), zM(g )), each of size (t× JR)×(J−1), with the goal of summarizing the joints
motion (expressed as pixel value in the image-like descriptors) of the M(g ) individuals
in the social groups. Average pooling is defined as :

fmean(ρsm,p ,θsm,p , zsm,p ) = 1

M(g )

M(g )∑
1

xρ,θ,z (6.2)

where, given M(g ) members in social groups, we compute the average of their (ρ,θ, z)
pixel values. Similarly, max pooling is defined as:

fmax (ρsm,p ,θsm,p , zsm,p ) = max
M(g )

xρ,θ,z (6.3)

where, given M(g ) members in social groups, we keep the maximum (ρ,θ, z) pixel
values.

Finally, the size of our social group motion descriptors ρsm,p ,θsm,p , zsm,p are of size
(t× JR)×(J−1) obtained by averaging/maximizing the motion values of every individual
in the group.
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Figure 6.3: Feature extraction (step 0) and cylindrical descriptors (step 1) of the proposed framework. In step
0, the feature extraction module computes: The person motion descriptor pm, the social group motion sm,
the social proxemics pd s , and the nonsocial proxemics pdns . In step 1, these features are transformed into
image-like descriptors, where they are resized and their pixel values are converted between (0−255). The color
blue indicates low values (low distances between skeleton joints) while the color yellow indicates high values
(large distances between skeleton joints).

6.1.4. CONTEXT PROXEMICS
In the previous section, we computed descriptors encoding motion dynamics from indi-
viduals, and from social groups. In this section, we aim at computing a descriptor which
encodes the interaction between individuals and their surroundings. Contextual infor-
mation has been shown to yield important information about personality attributes. For
example, authors in [4] estimated the level of extraversion and neuroticism of people by
investigating how they used their personal space (proxemics) and their visual attention.
In this chapter, we aim at encoding the interaction between the individuals and their
surroundings by computing their proxemics (or interpersonal distance). In the next sec-
tions, two strategies are proposed towards encoding proxemics to different entities in
different scenarios.

SOCIAL PROXEMICS

Several works highlighted the correlation between interpersonal distances (i.e. prox-
emics) and personality traits [4] , [20] in social scenarios. Likewise, in this section, a
proxemics descriptor encoding the global position of the target person p with respect to
all the other individuals in the scene N , is proposed.
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In the analyzed scene sc s , proxemics is intended as the way people use their personal
space in relation to other individuals. As the above descriptors (ρ Jr ,θJr ) describe the
distance and angle relations between body joints, we can re-use the same formulation
to encode the distances between individuals.

The process is illustrated in Fig. 6.3 (pd s step (0)), where we compute the euclidean
distance (ρ descriptor) and the standing angle (θ descriptor) between the target person
p j , where and the rest of the individuals using Eq. 6.1, for a frame sequence of size t .
Note that to compute the descriptors mentioned above, we consider only one skeleton
joint j2 (i.e. the neck joint).

To avoid dimensionality discrepancy due to the different number of individuals in
the scene, we always consider the maximum number N of subjects for a given dataset.
Note that the z descriptor is not considered, as the interpersonal distance does not occur
on the vertical axis. Thus, for every individual in the scene, two descriptors of size t ×
(N − 1) are obtained, and to be consistent with the other generated features, they are
transformed into greyscale images by scaling the values between 0−255 (Fig. 6.3 (pd s

step (1)).
This descriptor has two advantages: Firstly, the global position of every subject with

respect to all the other subjects in the scene is represented, reflecting findings in the lit-
erature that correlated proxemics distance with personality displays [18]. For example,
individuals who like to be engaged in group conversations (Agreeableness personality
trait) will have a higher number of neighbours, while on the other hand, shy individuals
will have fewer neighbours. Secondly, due to the common cylindrical coordinates struc-
ture, these descriptors can be fused with the other generated features, optimizing the
learning capacity of our CNN architecture.

NONSOCIAL PROXEMICS

As humans are by nature social beings, personality displays have been well explored dur-
ing social interactions. However, as reported in Chapter 5, few efforts have been made
towards the understanding of personality in a nonsocial context. This problem has been
shown to be important for applications in domains like Ambient Assisted Living (AAL),
where it often occurs that individuals are spending most of their time at home alone.
Thus, in this section, we aim to learn the relation between human behaviors and the
surrounding context during nonsocial periods. We define nonsocial proxemics as the
way people use their personal space in relation to objects in the scene (Fig. 6.3 (pd ns )).

We build on the philosophical and psychological theorem which states that people
engage with objects as they engage with other humans (e.g. Anthropomorphism [8]). In
this section, a novel descriptor is proposed to capture the way individuals engage with
the scene. Researches from a wide array of disciplines have long noted that people tend
to see nonhuman agents as human-like [8], especially in case of “lonely” situations, sub-
jects are more likely to be subjected to anthropomorphism with nonhuman elements
like objects, robots, etc [35]. Hence, our intuition is that subjects with different person-
ality will interact differently with the objects in the scene. We describe this interaction
as the distance between the target subject p and the regions containing interactive ob-
jects R. Since we aim to make a general and robust model able to adapt in any scenario,
firstly, we detect the most interactive objects in the scene in an unsupervised way, and
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secondly, we compute a proxemics descriptor optimized for a CNN architecture, encod-
ing Human-Object interactions.

Human-Object interaction location discovery. We take advantage of the work pre-
sented in the previous chapter (see details in Chapter 5, Section 5.4.1 and Section 5.4.2)
to build a fine-grained spatio-temporal heatmap of the scene. This heatmap will help us
to detect in which areas of the scene the interaction occurs. Firstly, the video scene is
divided into 3D nonoverlapping patches, where every cube is of size h ×w ×d , namely
height, width and depth. Secondly, the heat-map histogram descriptor SP is built by
counting the occurrences of the arm joint coordinates inside each cube for every time
window t1, .., tT , where t contains 1 second of data.

Differently from the previous chapter, we assume that the arm motions are the most
important joints to detect meaningful person-context interactions. Hence, for every
frame i in t , we compute the magnitude and orientation of the arm joints j1,...,6 with re-
spect to the previous frame. The values are quantized in M = 3 bins for magnitude, and
O = 8 bins for orientation, obtaining for every joint a final histogram of size OM j =O×M .
Finally, the spatial and motion information are concatenated to form the final feature
vector of size SHt = SP ×OM × J .

We employ the Gaussian Mixture Models (GMM) clustering technique [36] on the
heatmap features SHt to discover a set of clusters that defines a clear separation be-
tween interaction patterns. Seven spatio-temporal clusters were found, each of them
showing different human-object interactions. However, after a visual inspection, one
cluster contained spatio-temporal samples belonging to the walking behavior (i.e. no
human-object interaction) and, therefore, was dropped. Finally, as we are interested in
the spatial locations of these interactions, we leverage the spatial heatmap descriptor SP
to select the most populated cube in each cluster.

The results are shown in Fig. 6.3 (pd ns ). In each of the 6 discovered spatio-temporal
clusters, we keep only the location information of the most populated spatial cube. These
object regions r1,...,(R), where R = 6 contain semantic information about the human-
object interaction in the scene.

Nonsocial proxemics descriptors. To extract descriptors that reflect the engagement
of individuals in the generated semantic object regions, we compute the distance (ρ) and

the angle (θ) between subjects p j
n and the generated regions R (Eq. 6.1) for every frame

sequence of size t (Fig. 6.3 (pd ns step (0)). Like in the previous section, we consider only
one skeleton joint j2 (i.e. the neck joint). Note that the z descriptor is not considered, as
the computed distance does not occur on the vertical axis.

Thus, for every individual in the scene, two proxemics descriptors pd of size t ×R are
obtained, and to be consistent with the other generated features, they are transformed
into grey-scale images by scaling the values between 0−255 (Fig. 6.3 (pd ns step (1)).

6.2. PERSON-CONTEXT INTERACTION LEARNING USING A CNN
ARCHITECTURE

The integration of multiple feature representations, is a challenging task due to the in-
herent heterogeneity of their distributions [37]. However, CNN architectures have shown
great ability in discovering common latent representations. In this chapter, a CNN frame-
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work is proposed for the fusion and learning of features extracted from multiple sources:
individuals’ motion (Section 6.1.2), social group motion (Section 6.1.3) and context prox-
emics (Section 6.1.4). In order to reduce the structural differences between various dis-
tributions, a common feature representation based on cylindrical coordinates is created
(Fig. 6.2(1)). This strategy allows the CNN model to use the same parameters (e.g. num-
ber of hidden units, pooling layers etc.) for all the feature representations, decreasing
the duration and complexity of the training phase (Fig. 6.2(2), Fig. 6.2(3), Fig. 6.2(4)).

6.2.1. FEATURE LEARNING

In the previous sections, we introduced our Person-Context features. Every individual in
the scene is described by: his/her own motion (ρpm,p ,θpm,p , zpm,p ), the motion of the
social group he/she belongs to (ρsm,p ,θsm,p , zsm,p ), and his/her distance to other entities
in the scene (ρsp,p ,θsp,p ). Each descriptor is built over a frame sequence t whose size
varies depending on the dataset used. For the Salsa dataset, we set t = 15 frames while
for the Nonsocial dataset, we set t = 30 frames. As these descriptors are built to portray
different information on different scales (e.g. motion versus proxemics distances), we
resize all of them to the dimension of 68× 68. Each of them is then duplicated three
times to formulate a color image (i.e. 68×68×3), so it can be fed into the network.

This dimensionality was chosen to preserve the mapping of the skeleton joints in-
dexes (J = 17) with the rescaled descriptors. This is particularly useful, for example, to
map the classification weights back to the raw joint motion values for the visualization
of the CNN activations (Section 6.5).

As the proposed descriptors describe different behaviors, the VGG19 model [38] pre-
trained on ImageNet [39], is leveraged to extract a compact representation of each of
them separately. Note that we utilize the VGG19 model only for feature extraction dis-
carding the last 3 fully-connected layers. Early convolutional layers showed to learn
more generic features, whereas, deeper layers are more influenced by the task they are
trained for [23]. Since our CNN representations are very different from the images con-
tained in ImageNet, we extract the features from the convolutional layer conv51. We jus-
tify the adoption of this layer, as authors in [23] applied it on similar image clips. Specifi-
cally, the generated cylindrical descriptors are fed as input to the VGG model. As output,
from the conv51 we obtain feature representations of size 4×4×512 (512 feature maps
of size 4×4). Note that as our descriptors represent temporal information, we adopt the
pooling strategy proposed by [23], called temporal mean pooling (TMP), ideal to embed
temporal information from the input images (see details in Chapter 2 Section 2.9.1).

By using the VGG model as feature extraction step, we projected our person-context
descriptors onto the same latent space. Therefore, the next step is to build a Neural Net-
work framework to fuse this information and map them into the personality latent space.
The person-context compact representations, defined as Dper s , Dg r oup , and Dpr ox in
Fig. 6.2 (3), are fused to form the input to two Fully-Connected Layers (FC), of size 1024,
and a Softmax layer for the final personality recognition task (Fig. 6.2 (4)). Between the
two FC layers there is a rectified linear unit (ReLU) [40] to introduce an additional non-
linearity.
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Figure 6.4: Exploratory experiment investigating the recognition accuracy using two different pooling strate-
gies to encode the social groups’ motion. The experiment is performed on the Salsa dataset poster session.
The p-values less than 0.05 are summarized using one asterisk. Average pooling demonstrates better perfor-
mances over all the Big-5 traits, however the results are not significant for two traits: Conscientiousness and
Neuroticism.

EXPLORATIONS OF SOCIAL MOTION POOLING

An exploratory experiment is conducted to test the performance variation of the social
motion pooling strategies on the Salsa dataset poster session [18]. In particular, we aim
at analyzing the information carried by the social group motion descriptor in the task
of personality recognition. In Fig. 6.4, accuracy results for the classification of the Big-5
personality traits, using the described pooling strategies are visualized. The results indi-
cate that average pooling constantly reaches higher accuracy, and therefore is selected as
the social group pooling strategy in the rest of the experiments. However, it is interesting
to notice that the difference in performance is not statistically significant (indicated by
the asterisks), when predicting two personality traits: Conscientiousness and Neuroti-
cism.

Average motion pooling averages the motion from all the members in the social group,
whereas max pooling selects the highest motion value in the group. As individuals with
high Conscientiousness or Neuroticism traits are less likely to stand out or influence the
social group, averaging their values with the group motion may increase their contribu-
tion in the group, and therefore, confuse the classifier decision.

FUSION

The fusion of different input cues can improve the recognition performance, as it com-
bines different sources of information that are relevant to discover personality patterns.
In our framework, fusion can be performed as early fusion (feature fusion) or late fusion
(decision fusion) [41].

As feature fusion, we implemented the following methods: 1) Concatenation of the
features coming from different modalities. 2) Principal Component Analysis (PCA) [42]
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Figure 6.5: Exploratory experiment investigating the recognition accuracy using different fusion methods. The
experiment is performed on the Salsa dataset poster session. The p-values less than 0.05 are summarized using
one asterisk. Feature concatenation shows better results than the other methods, being significantly superior
on four out of five traits.

was applied on the features extracted from different modalities, for dimensionality re-
duction, as well as to remove correlations between the features. Following [43], 98% of
variance was kept. 3) PCA was applied on the concatenated features. As decision fu-
sion, the FC layers as well as the softmax layer were trained on the three descriptors (e.g.
Dper s , Dg r oup , and Dpr ox ) independently and the recognition decision was fused (sum-
rule) [43]. Fig. 6.5 shows the personality traits recognition results using the described
fusion methods on the Salsa dataset poster session. The concatenation method exhibits
the best results on all the big 5 traits, being significantly higher on four out of five traits
(p-value less than 0.05 is summarized using one asterisk). Therefore, this method is used
for the rest of the experiments.

6.3. EXPERIMENTS
In order to examine the strength of our framework, in this section, we present person-
ality recognition experiments on two public datasets, namely, the Salsa Dataset [18] and
the Nonsocial Dataset [44] (see description in Chapter 2, Section 2.10.2). The choice of
these two datasets justifies the evaluation of the system in two different scenes, where,
depending on the scenario, the deep Person stream is combined with distinct Context
streams (Fig. 6.3).

The experiments are organized as follows: In Section 6.3.1, the experimental setup
is introduced. In Section 6.3.2, our personality labels based on the Big-5 traits called
“personality types ’ are described . In Section 6.3.4, we test the two sessions of the salsa
dataset independently. In Section 6.3.5, we compare our work with state-of-the-art sys-
tems for personality recognition, and, in Section 6.3.6, we evaluate our framework using
the Big-Five personality traits as labels. Finally, qualitative results are explained in Sec-
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Figure 6.6: Dendrogram of the hierarchical clustering applied on the normalized personality trait scores from
the used datasets. Three main clades (coloured in green, red, and azure) are found.

tion 6.4.

6.3.1. EXPERIMENTAL SETUP

Since the personality recognition experiments in Chapter 5 are the most related to the
work in this chapter, the same experimental procedure is followed. In Section 6.3.2, we
show how personality trait configurations are found in an unsupervised way. For the ex-
periment in Section 6.3.4, we use the “K-fold cross validation” where K = 10. For the final
comparison with the state-of-the-art methods, the “leave-one-out” (LOO) approach is
used. Specifically, the data from a set of subjects is left out from the training procedure
and used only for testing. In all our experiments we report the F1 accuracy, as it includes
both the precision and recall metrics.

6.3.2. PERSONALITY TRAITS CONFIGURATIONS: PERSONALITY TYPES

As this work is a continuation of the model proposed in Chapter 5, the same experimen-
tal set-up is followed. In particular, the personality trait scores from the two datasets are
normalized (between 0 and 1), and a hierarchical clustering technique [45] is applied to
explore the trait score configurations.

Confirming the findings in Chapter 5, three main clusters are found. As shown in Fig.
6.6, the traits scores are grouped in three main clades (colored in green, red, and azure).
Then, in order to assign a semantic meaning to the discovered clusters, we compute the
average score of each personality trait in the different clusters.

In Fig. 6.7, we show the obtained results from the Salsa Dataset, which are consis-
tent with the findings in Chapter 5 as well as the psychological theory proposed in [25].
The theory states that the Big-5 personality traits can be organized in three major types:
Undercontrolled, Overcontrolled and Resilient. In Fig. 6.7, Resilient personality type
(orange color) shows high Extraversion score and the lowest score in Neuroticism, the
Undercontrolled type (green color) scores high in Extraversion as well as Neuroticism,
and finally, the Overcontrolled type (blue color) has the lowest score in Extraversion and
scores high in Neuroticism.

Finally, the three clusters Y = [U ,R,O] (namely, Undercontrolled personality, Re-
silient personality, and Overcontrolled personality) are used as labels in the personality
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Figure 6.7: Average personality values for each trait in the discovered personality types from the Salsa Dataset.
Undercontrolled personality type colored in green, Resilient personality type colored in orange, and Overcon-
trolled personality type colored in blue.

recognition experiments.

6.3.3. ABLATION STUDY

In order to test the contribution of every component in the proposed framework, in
the next experiments, we will test different components’ combinations. Specifically,
for the Salsa dataset, we tested: Dper s , where only the Person motion stream is used.
Dpr ox + Dg r oup , where only the two context streams are used. Dper s + Dpr ox , where
person motion (Section 6.1.2) is combined with social proxemics descriptors (Section
6.1.4), Dper s +Dg r oup , in which the social group motion descriptors are used (Section
6.1.3), and finally, Dper s +Dpr ox +Dg r oup , where all the descriptors are fused. As for
the nonsocial context, we tested: Dper s stream alone, and Dper s +Dpr ox encoding the
person motion with the scene proxemics (Section 6.1.4).

6.3.4. SALSA DATASET SEPARATE SESSIONS

In this section, we apply our framework on the two sessions of the dataset independently.
As the two sessions depict different social interactions (i.e. poster session presentation
and cocktail party), our goal is to investigate whether the two sessions show different
behavioral patterns. Our results using the “K-fold cross validation” testing approach are
reported in Table 6.1.

For the results on the poster session part, the ablation study indicates that, although
the fusion of all the context descriptors (Dper s +Dpr ox +Dg r oup ) obtains the highest ac-
curacy, it does not improve significantly the result obtained using only Dper s +Dg r oup .
This may be explained by studying the scenario of the dataset, which displays interac-
tions during a scientific poster session. During this type of sessions, individuals have to
respect some spatial constrains, for example, if a poster presentation is already crowded,
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Methods Salsa poster-session Salsa party-session
Dper s 76% 71.3%

Dpr ox +Dg r oup 73.6% 75.83%
Dper s +Dpr ox 78.2% 75.61%

Dper s +Dg r oup 79.6% 74%
Dper s +Dpr ox +Dg r oup 79.8% 77.25%

Table 6.1: Personality prediction on the Salsa Dataset’s sessions.

individuals cannot position themselves freely. Hence, in this situation, the proxemics de-
scriptor does not always describe affective behaviors as explained by [20]. Additionally,
note that the Dper s descriptor alone reaches higher accuracy than Dpr ox +Dg r oup , sup-
porting the explanation that proxemics features in this scenario does not show a clear
link to personality patterns. On the other hand, the ablation study on the cocktail party
session demonstrates the advantage of considering all available representations, where
the three proposed descriptors (Dper s +Dpr ox +Dg r oup ) obtain the best accuracy within
the rest of the combinations. As this part of the dataset depicts the participants freely
interacting with each other, social behaviors are more natural and less constrained by
social roles (i.e. poster presenter vs. audience). While natural behaviors may be more
representative of a certain personality type, they are more complex to model, and as a
consequence, the overall recognition accuracy is lower. The complexity in this scenario
affects all the parts of the framework, as free interaction and group formation create
occlusions and clutter, challenging the tracking and motion modeling components. Fi-
nally, we conclude that by merging two sessions together, we can overcome the technical
challenges explained above. Therefore, in the next session, for each participant, the data
from the poster session, and the data from the cocktail party are merged. This strategy is
in line with our goal to obtain a general model able to work in different situations.

6.3.5. PERSONALITY TYPES RECOGNITION
In this section, the discovered clusters Y = [U ,R,O], which can be linked to the person-
ality types, are utilized as ground-truth personality labels. The three personality types
correspond to: Undercontrolled type, Overcontrolled type, and Resilient type (see de-
scription in Chapter 5).

Baseline Methods. We compare our framework against the three most related works.
In particular, PRcl , developed in Chapter 5, uses an AE-LSTM framework for personal-
ity recognition on the Nonsocial dataset. C l i ps + MT LN was proposed by [23], and it
uses similar skeleton descriptors as input to a CNN framework called MTLN (see details
in Chapter 2 Section 2.9.1). Finally, EL-LMKL [46] was proposed for leadership recogni-
tion as well as personality traits recognition using a CNN model on optical flow features
(see details in Chapter 2 Section 2.10.1). Please note that all the baselines were imple-
mented by the authors, as to the best of their knowledge, there do not exist personality
recognition results on the Salsa dataset.

Results. Personality recognition results obtained on the two parts of the Salsa dataset,
as well as on the Nonsocial dataset, are shown in Table 6.2. We report the results com-
paring our framework with the baseline methods using a leave-one-out (LOO) approach.



6.3. EXPERIMENTS

6

137

Methods Salsa LOO Nonsocial LOO
Baseline
PRcl [3] 59.59% 55.3%

EL-LMKL [46] 61.25% 70.7%
Clips+MTLN [23] 68.48% -

Proposed
Dper s 68.03% 69.2%

Dpr ox +Dg r oup 67.06% -
Dper s +Dpr ox 70.2% 72.6%*

Dper s +Dg r oup 71.96% -
Dper s +Dpr ox +Dg r oup 73%** -

Table 6.2: Experiments on the two datasets for Personality Recognition using LOO= leave-one-out testing ap-
proach. The p-values less than 0.001 are summarized with two asterisks, p-values less than 0.01 are summa-
rized with one asterisk.

Traits Salsa Nonsocial
Extraversion 62.8% 50%

Agreeableness 65.3% 55.3%
Conscientiousness 60.8% 65.1%

Neuroticism 61.9% 68.2%
Openness 62.6% 60.8%

Table 6.3: Personality Recognition using Traits scores.

Overall, the proposed method is able to reach the highest accuracy results in both datasets.
Furthermore, the statistical significance of the results is computed in respect to the base-
lines (indicated by the number of asterisks). Looking at the ablation study results (lower
half of Table 6.2), individual motion (Dper s ) is the most informative one, indicating that
in both scenarios, human motion is critical for finding behavioral patterns connected to
personality. Considering only the context information (Dpr ox +Dg r oup ) is not as mean-
ingful as human motion. Finally, by aggregating the person as well as the context in-
formation, we obtain the highest recognition accuracy demonstrating the value of the
proposed framework.

6.3.6. PERSONALITY TRAITS RECOGNITION

In this section, the original Big-5 personality traits are used as ground-truth labels Y =
[E , A,C , N ,OE ] (namely, Extraversion, Agreeableness, Conscientiousness, Neuroticism,
and Open to Experience). The Big-5 personality traits [24] is the most popular model for
personality recognition, hence, it is of great importance that the proposed framework is
evaluated using the big five traits labels. To the best of the authors’ knowledge, this is the
first study presenting the recognition of personality traits on the two chosen datasets,
providing new insights on personality patterns in the depicted scenarios.

In order to use the traits scores as classification labels, following the approach used
by [4], the score of each trait is transformed into a binary value (HIGH or LOW), based
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on the median value computed from the population. Note that every trait is evaluated
independently from the scores of the other traits. As for the proposed architecture, we
employ the descriptors that obtained the best results in the previous experiment. Hence,
the Dper s+Dg r oup+Dpr ox framework is used for the Salsa dataset, and the Dper s+Dpr ox

framework is used for the Nonsocial dataset.
In Table 6.3, we report the personality traits recognition results following a LOO test-

ing procedure for both datasets. For the Salsa dataset, the highest accuracy is obtained
for the Agreeableness trait, followed by the rest of the traits that obtain similar accuracy.
Considering the scenario in which the dataset was recorded (university environment),
as well as the social contexts, behavioral attributes related to the Agreeableness trait (e.g.
talkative and open for a discussion) can be easily matched with researchers’ behaviors
depicted in the data. The recognition scores in the rest of the traits indicates that the
Salsa dataset is rich of social information. In this sense, the participants are exposed to
frequent and long interactions which make them express several personality attributes.
For example, as the participants are allowed to freely interact with each other, attributes
like talkative and sociable belonging to the Extraversion trait, are more evident than in
the other scenarios.

For the Nonsocial dataset, which contains problem solving tasks data for Activity of
Daily Living (ADL) applications, the highest accuracy is obtained for the Conscientious-
ness and Neuroticism traits. When it comes to engagement with the scene, searching for
objects, deliberate scanning strategies or curiosity are attributes related to the Consci-
entiousness trait, which can be matched to behaviors observed in the Nonsocial dataset.
As the tasks forced the participants to find solutions to given problems in a filmed en-
vironment, attributes belonging to the Neuroticism such as stress are retrieved by our
system. Moreover, given the nonsocial scenario, as expected, the Extraversion as well as
the Agreeableness traits are the hardest to predict.

6.4. QUALITATIVE RESULTS
As explained in Section 6.3, all the proposed descriptors contribute to the understand-
ing of certain behavioral patterns, bearing to an improved personality recognition per-
formance. In this section, aiming to further investigate the learning process, we dis-
entangle the behavior of each descriptor at test time. Specifically, we select two frame
sequences t1, t2 belonging to a subject with high Agreeableness trait (skeleton colored in
red). One sequence, (t1) depicted in Figure 6.8 was classified correctly and the network
showed high confidence that the sequence belonged to the right label, whereas the other
sequence (t2) shown in Figure 6.9 was misclassified.

We are interested in investigating the interaction between individuals, therefore, for
this experiment, we focus only on the upper-body joints motion j1,...,10. The motion val-
ues of the upper-body joints are extracted from the three descriptors ρpm,p (introduced
in Section 6.1.2), ρsm,p (introduced in Section 6.1.3), and ρpd ,p (introduced in Section
6.1.4) and averaged for visualization purposes. The graphs display the averaged descrip-
tor values before being fed to the CNN learning framework (i.e. pixel values between
0−255). On the y-axis, we show the person motion values (ρpm,p red line), the average
motion of the social group (ρsm,p green line), and proxemics distance between the tar-
get person and the social group (ρpd ,p purple line) in a frame by frame sequence (x-axis).
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Figure 6.8: Example of correctly predicted sequence. The graph contains the descriptors values (red for the
ρpm,p descriptor, green for the ρsm,p descriptor and purple for the ρpd ,p descriptor) on the y-axis, for each
frame in the sequence on the x-axis. In this sequence, the model is predicting the personality class of the
individual depicted with red color. An alternation of high values is noticeable between ρpm,p and ρsm,p ,
indicating that the two parts are taking turns in the conversation. Correspondingly, the image at frame 3 shows
high motion from the skeleton colored in red, while the image at frame 9 shows high motion from the social
group.

Note that in the Salsa dataset t = 15 frames correspond to 1 second.

In the correctly classified sample (Fig. 6.8), we can notice an alternation of high val-
ues between ρpm,p and ρsm,p in time. This variation of high motion may denote that the
two parts are conversing, each taking turns in a discussion. The displayed behavioral
pattern, identified by our framework as belonging to the Agreeableness trait, is in line
with previous literature studies, which correlate this trait with aspects like cooperation
and empathy [47].

In the misclassified sample (Fig. 6.9), the conversation is more limited, and the de-
scriptors values display low variation between ρpm,p and ρsm,p values. As we saw from
the example above, behavioral patterns connected to the Agreeableness trait should show
large and highly interactive conversational groups. This is also confirmed by literature
findings in [48], which observed individuals with high Agreeableness traits participating
in more groups’ discussions than the rest of the individuals. The pattern observed in Fig.
6.9 violets these findings, hence, to further improve the results, our framework should
be able to better model situations in which the motion is rather limited, by including
additional sources of information, such as facial or audio data.
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Figure 6.9: Example of misclassified sequence. The graph contains the descriptors values (red for the ρpm,p
descriptor, green for the ρsm,p descriptor and purple for the ρpd ,p descriptor) on the y-axis, for each frame
in the sequence on the x-axis. In this sequence, the model is predicting the personality class of the individual
depicted with red color. As the interaction between ρpm,p and ρsm,p is limited, the descriptors values are
quite low. Hence, the system did not associate this behavioral pattern to the Agreeableness trait.

6.5. DISCOVERED PERSONALITY PATTERNS
In this section, discriminative personality patterns discovered by our Person-Context
CNN framework are investigated. Specifically, class activation maps [49] using the clas-
sification weights are explored in the social scenario data. We use the Dper s ,Dg r oup de-
scriptor on the Salsa dataset, to reveal the interaction between individual and group be-
haviors with different personality traits. The activation of the feature maps extracted by
the VGG component, corresponds to spatial information on the descriptor images [23].
We aim to discover the importance (determined by the classifier weights in the softmax
layer) of both individual dynamics as well as the social group dynamics for each per-
sonality trait Y = [E , A,C , N ,OE ], by applying the class activation maps on the Person-
Context descriptors, as shown in Eq. 6.4. We define Actc as the activation map for per-
sonality class c, where each spatial element is given by

Actc (x, y) =
K∑

k=1
wc

k fk (x, y) (6.4)

where w represents the weights belonging to the softmax layer, fk (x, y) is the activa-
tion of the kth unit in the last convolutional layer at spatial location (x, y). The number
of units K is formed of two concatenated components, one corresponding to the Person
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Figure 6.10: Discovered personality patterns using Person-Context descriptors, given the High and Low scores
of each personality trait: Extraversion, Agreeableness, Conscientiousness, Neuroticism and Openness to
Experience. Low CNN weights activation in blue, medium CNN weights activation in green, and high CNN
weights activation in red.

information (Dper s ) and one to the Context information (Dg r oup ). Besides, we are able
to retrieve the specific joint activations due to the descriptors’ dimension. In fact, as the
CNN input image is of size 68× 68 encoding the motion of J = 17 body joints, we can
assume that every joint corresponds to an activation kernel of 4 pixels in our original
feature.

We are interested in visualizing meaningful personality patterns for each personality
trait. Specifically, we pose the following questions: 1) How is the relation between Person-
Context dynamics reflected in the traits? and 2) Do the dynamics correspond to the trait
attributes defined by psychologists? The discovered personality patterns for each trait
are displayed in Fig. 6.10. In particular, we visualize the learned patterns from both
Person and Social group CNN networks. Note that as Dg r oup is obtained by averaging
the body motion of all the members of the social group, in Fig 6.10, we can have a 1 to 1
comparison between the motion of each individual and the average motion of the social
group.

We quantize the activation kernel of each joint in three groups: low activation (first
quartile) depicted in blue color, medium activation (second quartile) depicted in green
color, and finally, high activation (third quartile) is depicted in red color. When an in-
dividual has a high Extraversion trait (e.g. talkative, outgoing), the CNN weights show
high activation on the features coming from the Person stream, and low activation in the
features coming from the Context stream. As a consequence, if an individual has a low
Extraversion trait, features coming from the Context stream are more important. Thus,
to answer the first question, the two stream dynamics are learned by the CNN architec-
ture and are mapped to personality-related behavioral patterns. In order to answer the
second question, we highlight that, since individuals with a high Extraversion trait are
described as talkative and outgoing, when it comes to social interaction, they tend to be
the center of attention, with the rest of the group usually tending to become more pas-
sive [50]. On the other hand, CNN weights for individuals with high Agreeableness and
Conscientiousness traits, show high activation on both Person-Context streams, demon-
strating that these personality types like to be engaged with the social group, without
trying to dominate the situation [51]. Medium/high CNN activation on both Person-
Context streams is found also for individuals with low Neuroticism and Openness traits,
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showing that having low scores in attributes like being tense/nervous, makes individuals
more sociable.

6.6. CONCLUSIONS
In this chapter, we presented a novel CNN-based framework for personality recogni-
tion. Our model analyzes the scene at multiple levels of granularity. Firstly, we propose a
descriptor that encodes the skeleton joints motion of each individual in the scene. Sec-
ondly, we propose a descriptor that encodes the interaction between individuals within
small social groups by extracting their average skeleton joints motion. Thirdly, we pro-
pose a descriptor that encodes the interpersonal distances (proxemics) between every
individual in the scene. Additionally, we demonstrate that our proxemics features can
be applied also in a nonsocial scenario, encoding scene interaction information. Ex-
periments on two personality recognition datasets demonstrate the effectiveness of our
approach, showing that modeling together Person-Context information significantly im-
proves the state-of-the-art personality recognition results. Furthermore, we presented
CNN class activation maps for each personality trait, providing novel insights into non-
verbal behavioral patterns linked with personality attributes defined by theories from
behavioral psychology. We believe these findings are of great importance for future in-
terdisciplinary behavioral studies, aiming to combine data-driven approaches with psy-
chological studies.
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7
TEMPORAL TRIPLET MINING FOR

PERSONALITY RECOGNITION

This chapter is based on the following publication:

• D. Dotti, E. Ghaleb, and S. Asteriadis, “Temporal triplet mining for personality
recognition”, in 2020 15th IEEE International Conference on Automatic Face and
Gesture Recognition (FG 2020), pp. 171–178.

7.1. INTRODUCTION
Extensive studies in the field of psychology showed that attitude, mood, and personality
are directly connected to human behavioral patterns [1]. Since these human character-
istics are often subtle, the affective computing field still faces several challenges.

In our previous studies on personality recognition (Chapter 5 and Chapter 6), we
showed meaningful results on the connection between short spatio-temporal behavioral
features and personality labels. Motion and context samples were extracted in sepa-
rate time windows and mapped to personality labels. Yet, the time window approach
splits the behaviors into fixed motion fragments risking to make the model focus on
sub-actions. As human motion typically evolves in different ways, the assessment of
the similarity between behavioral sequences is still a non-trivial problem. For example,
even though two walking behaviors can be formed by different patterns of short motion
features (e.g. slow, fast, smooth motion, or jerky motion), their overall similarity should
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be high as they belong to the same semantic behavior. Another challenge faced while
analysing behavioral sequences in real world scenarios is that it is very difficult to deter-
mine the beginning and the end of semantic behaviors. Behaviors may evolve in vary-
ing lengths making their interpretation and semantic comparison more challenging. In
these circumstances, we aim at matching human behaviors implicitly and semantically
via Deep Metric Learning (DML) [2]. Our final goal is to learn more meaningful seman-
tic behaviors that can help the recognition of clearer personality patterns. For instance,
jerky and fast motion can be associated with high-Neuroticism trait while smooth and
slow motion can be associated with low-Neuroticism trait.

In this chapter, we propose a novel framework that further expands the use of short-
term body information, context learning and their interaction in time, using DML [2].
DML has become popular with the advances and success of deep learning [3]. It projects
embeddings produced by mapping functions ( f (x)) such as a CNN, onto a manifold
space where semantically similar samples are closer while the dissimilar ones are placed
apart from each other. There have been different designs of loss functions in DML, such
as contrastive [4], triplet [5] and N-pair loss [6]. In this study, the triplet loss is utilized as
loss function. The triplet loss is a loss function based on triplet sets: an anchor, a similar
example called “positive sample”, and a dissimilar one called “negative sample”. The ul-
timate goal of the Triplet Loss function is to construct a latent space where the anchors
are closer to the positive samples than the negative ones.

Effectively measuring the similarity between two human motions is a complex prob-
lem as human poses have to be compared across a temporal set of frames. This aspect
introduces several challenges such as alignment as well as pose to pose comparison.
Recently, authors in [2] proposed a DML method on human motion data, showing that
computing pose similarities in a latent space helps to capture the semantic relationship
between motions. Hence, by adding the temporal analysis to our DML framework, we
help the system to discover higher semantic movements that enhance the discovery of
discriminative personality patterns, and therefore, improve the personality recognition
task.

In Fig. 7.1, we show a high level description of the proposed model. The analyzed
data consists of people performing activities in certain scenarios. Every person is dif-
ferent in the way they act and move (indicated by the empty shapes; top left), however,
there exist common behavioral patterns that can be categorized into discrete personal-
ity classes (indicated by colored shapes; top left). In this chapter, first, we extract hu-
man motion as well as proxemics features in a time-window approach (top right of the
figure). Second, we introduce the notion of Temporal Identification Similarity Metric
Learning (TISML), which is used to train the framework and consists of two major com-
ponents: The first one is an identification signal based on personality labels, while the
second one is a similarity signal based on DML. The general goal of the DML approach
is to construct models that bring samples with similar labels (positive examples) closer
together, while pushing apart samples with different labels (negative examples). Addi-
tionally, in the training stage, our intuition is to add another constraint for the selection
of positive/negative samples. We select positive samples in the temporal proximity of
the anchors (within a time-window) to encourage the model to generate embeddings
with temporal relation, while maintaining a high discriminative power for personality
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Figure 7.1: High level description of the proposed model. The general goal of our approach is to create an em-
bedding space optimized for the personality recognition task. During training time, the model is encouraged
to match similar short-term spatio-temporal descriptors using the proposed Temporal Identification Similar-
ity Metric Learning (TISML) framework to create discriminative behavioral sequences with varied temporal
relation (bottom row, right).

recognition. We assume that samples in the temporal proximity are more likely to have
a semantic relation with the anchor (i.e. belonging to the same behavior), and therefore,
they can carry important information for the personality recognition task.

The goal of TISML is to use the DML as well as Personality recognition signals for the
assessment of meaningful personality-related behavioral patterns that yield to an im-
proved personality recognition accuracy. The lower half of Fig. 7.1 illustrates the training
process, where, before training, samples are distributed in the embedding space (bot-
tom left). Our proposed approach employing TISML helps the model to generate tem-
porally, as well as semantically related embeddings (bottom right). One advantage of
our approach is that motion patterns are implicitly and semantically matched via DML
using temporal as well as personality information. In this way, sequences of varying
lengths can be matched to the same personality label without any additional constraints
or alignments.

The contributions of this chapter are as follows. Firstly, we build a novel deep frame-
work that learns temporal and discriminative motion patterns in real-world scenarios.
We experimentally show that our generated embeddings perform better than state-of-
the-art short-term motion samples. Secondly, using TISML, we encode the relation of
temporally adjacent spatio-temporal samples, hence, without introducing any tempo-
ral constraint or alignment during training time, motion dynamics carrying similar se-
mantic values are matched via DML. Thirdly, extensive experiments are conducted to
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Figure 7.2: The proposed Architecture. Two descriptors representing the skeleton temporal motion as well as
the spatial interaction are extracted from every frame sequences t . The descriptor images show the evolution
over time (x-axis) of the reference information (y-axis). The reference information consists of the skeleton mo-
tion evolution for the person descriptor, and proxemics distances with respect to the surrounding for the con-
text descriptor. Deep CNN models are then used to obtain a compact representation of each spatio-temporal
patch. The outputs of the CNN models are concatenated and fed into the proposed learning framework TISML.
Temporal Triplet Mining (TTM) is employed to select temporally related positive samples encouraging the
model to learn meaningful behavioral sequences that bear a higher discriminative power. Finally, a double
objective loss function LT I SML is adopted for personality recognition and personality retrieval.

investigate the relation between local motion features, global context features and their
interactions in time using two real-world datasets.

7.2. THE PROPOSED FRAMEWORK

In this chapter, we propose a framework to encode local motion dynamics from the hu-
man body in combination with global interpersonal distances (proxemics) to encode
personality-dependent behavioral patterns. Our work employs DML to map spatio -
temporal descriptors to an optimized latent space, where, behaviors with discriminative
power are learned and grouped together, whereas non-informative sequences are posi-
tioned far apart. As human behaviors are very dynamic and change according to the situ-
ation, it is very difficult to find semantic similarities between them [2]. Therefore, a novel
Temporal Triplet Mining (TTM) strategy tailored for behavioral data is proposed. We ar-
gue that taking advantage of the triplet mining scheme, short-term spatio-temporal de-
scriptors are implicitly matched, allowing the creation of an embedding space that en-
codes behavioral patterns of varying sizes optimized to retrieve personality-conditioned
behaviors.

Fig. 7.2 shows our framework architecture. Skeleton motion as well as proxemics de-
scriptors are extracted for every frame sequence of size T . As the two descriptors capture
the motion and the spatial dynamics in a sequence, two separate CNN architectures are
leveraged to obtain compact representations of the input features. The obtained rep-
resentations are concatenated and fed to the Temporal Identification Similarity Metric
Learning (TISML) component. TISML aims to project the concatenated motion (m) and
proxemics (p) embeddings produced by the two CNNs (which serve as mapping func-
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tions of the raw features) f (m,p)(x(m,p)) : Rd (m,p)
onto a shared feature space Rd . Simi-

lar features are positioned closely and dissimilar ones are put far apart from each other
based on data similarity and personality class. To do so, within TISML, a simple but
effective Temporal Triplet Mining (TTM) approach is proposed to facilitate the overall
learning effort (Section 7.3.3).

7.2.1. MOTION FEATURES
An increasing number of studies showed that body expressions are indicators of affective
states as informative as facial expressions [7]. Moreover, systems that use solely body
posture information (discarding the video data) provide a number of advantages such
as privacy observance, higher flexibility and robustness to camera placement, coverage,
and occlusions. In this work, skeleton information is extracted from every frame using
the OpenPose library proposed by [8]. As this method does not provide a tracking func-
tion, like in Chapter 6, a frame by frame tracking algorithm is added using the OpenCv
library [9]. The goal of the frame by frame tracker is to identify which skeleton in one
frame corresponds to the same skeleton in the next frame. Then, local temporal infor-
mation is extracted from every skeleton joint in terms of joint motion and rotation. As
explained in [10], similarities between short-term motions are easier to learn in respect
to long-term sequences, as they embed less noise.

For every detected skeleton joint j1,...,J , where J = 17, in frame sequences of size T ,
we compute its spatial as well as rotation evolution. We form a matrix with dimensions
J ×T ×3, where J indicates the total number of joints positions in T frames. This matrix
contains the (x,y,z) values of the 3D coordinates of the J joints. Driven by our previous
findings in Chapter 6, we opt for using cylindrical coordinates ρ, θ, and z, which have
been shown to provide a more invariant motion descriptor.

Finally, to leverage the learning power of CNN models, we utilize motion image clips,
in which we treat cylindrical coordinate values as pixel values [10, 11]. Hence, the values
are converted into 0−255 scale using a linear transformation. Fig. 7.2 top stream shows
the motion descriptor construction, where, given a motion sequence t of size T , frame
by frame motion values (x-axis) of all the detected joints (y-axis) are organized in a mo-
tion image. In this example, the highest motion values (yellow color) correspond to the
skeleton arms.

7.2.2. PROXEMICS DISTANCES
One of the goals of this work is to build a system able to recognize user personality in
different situations (i.e. in private homes or during social events), hence, in addition to
local skeleton motion image, we build proxemics distance images that can be applied in
both social as well as nonsocial scenarios.

Social Proxemics
Previous studies on social proxemics [12, 13] highlighted that interpersonal distance is
an effective tool to understand individuals feelings and attitudes towards others. For
example, an individual that stands distant from everyone the entire time may feel un-
comfortable in a given situation, while an individual that stands close to others may feel
comfortable for engaging in social interactions. Therefore, in the analyzed social sce-
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nario, we utilize the euclidean distance between the subjects in the scene to define their
interpersonal distance. Let s1, .., sS define all the subjects in a given dataset, and let t de-
fine a frame sequence of size T . For every subject i at frame n (si

n), the joint j = 1, which
corresponds to the body torso, is empirically chosen as reference point to compute the
distance on. The distance between subject si

n , and the rest of the subjects s1,...,S−1
n is

computed as di st s
n = d(si

n − s1,...,S−1
n ).

By combining the interpersonal distances between subjects within the T frames, we
obtain a matrix of size (S −1)×T , where S is the total amount of subjects in the dataset,
except si . Please note that, to overcome the problem of finding different amounts of
subjects in the scene at different times, we set S equal to the total amount of subjects
in the dataset D. In the situation when not all the subjects are present in the scene, the
maximum distance value is assigned (maxdi st s

n
).

Nonsocial Proxemics
For the nonsocial scenario, we use the intuition proposed in Chapter 6 and published
in [14], in which proxemics is intended as “the way people use their personal space in
relation to objects”. There exist several studies describing how people engage with ob-
jects, and how this engagement correlates with human-to-human interactions (called
Anthropomorphism) [15, 16]. For example, authors in [16] found that subjects’ person-
ality influences personal distances as well as personal spatial zones preferred even when
the interaction occurs with robots. Authors in [15] also state that people “match” the per-
sonality attributed to the nonhuman entity such as pets or inanimate objects. Therefore,
an interesting idea is to extract how people move and interact with their surroundings
(i.e. proxemics towards objects instead of people). For example, we hypothesize that an
Overcontrolled personality that has a high level of the Conscientiousness trait is more
meticulous in the searching of objects than a Resilient personality. With the proposed
spatio-temporal descriptors, we are able to map the searching patterns to personality
behaviors and, therefore, improve the personality recognition task.

We utilize the most important objects O = 6 in the scene found in an unsupervised
way in Chapter 6. We aim to extract the proxemics feature computing the distance be-
tween the subjects S and the objects 1, . . . ,O, where O = 6, in time. We select one skeleton
joint j2 as the reference position of the human body, the neck joint was empirically cho-
sen as it was the most robust to noise. The euclidean distance between the target subject
si at frame n (si

n) and the objects 1, . . . ,O was computed for every frame sequence of size
T , obtaining a final matrix O ×T .

Finally, the values are transformed into cylindrical coordinates, and converted be-
tween 0 and 255 using a linear transformation to be suitable for a CNN architecture.
Note that in this work we keep only the ρ coordinate values, discarding φ, and z. Fig. 7.2,
bottom stream, shows the motion descriptor construction process, where, the interper-
sonal distance between the given subject si and the context entities (O in the nonsocial
scenario and S in the social scenario) are depicted on the y-axis and temporal informa-
tion is depicted on the x-axis.
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7.3. TEMPORAL IDENTIFICATION SIMILARITY METRIC LEARN-
ING (TISML)

7.3.1. DEFINITIONS

In this study, for every subject s, motion and feature descriptors (x(m,p)) are created to
embed sequences of T frames. As a result, a dataset D contains a total of N descriptors
associated with a personality label y , and can be defined as follows:

D= {(x1...T
1 , y1), (x1...T

2 , y2), ..., (x1...T
S , yS )} (7.1)

For simplicity, we refer to x(m,p) as xs , which includes both motion and proxemics
embeddings.

7.3.2. FORMULATION
TISML optimizes the mapping function f (xs ) to generate embeddings correlated with a
personality class. In our work, the personality recognition task is carried out using two
loss functions. The first function is a similarity measure based on a DML loss which po-
sitions semantically related embeddings closer to each other (decreasing the intra-class
variations), and positions the semantically unrelated embeddings far apart (increasing
the inter-class variations) [17]. Specifically, we apply a DML based on the triplet loss
strategy.

Triplet loss uses triplet sets: { f (xs ), f (xs+), f (xs−)}, where f (xs ) is an anchor (base-
line), f (xs+) is a positive (similar) sample to f (xs ), and f (xs−) is a negative sample (i.e.
different label) to f (xs ). As shown in eq. (7.2), the optimization procedure aims to mini-
mize the distance between the anchor (baseline) input to a positive sample while maxi-
mizing the distance from the anchor to the negative sample within a margin [5].

LDML( f (xs ), f (xs+), f (xs−)) = ‖ f (xs )− f (xs+)‖2
2−

‖ f (xs )− f (xs−)‖2
2 +margin (7.2)

The second function in our work is an identification signal, which classifies a given
embedding into one of the given personality type labels (e.g. Y = [U ,R,O]). The identifi-
cation signal is achieved by computing the softmax loss, i.e. a softmax activation plus a
cross-entropy loss to predict the probability distribution over the personality labels [18]
defined as:

L I dent ( f (xs ), y) =−
Y∑

i=1
−yi log ŷi (7.3)

where f (xs ) refers to the mapping functions that produced the motion and prox-
emics embeddings, and y is the target class. yi is the target personality distribution,
where yi = 0 for all i except yi = 1 for the target personality class i . ŷi is the predicted
probability value for personality i . Finally, the optimization of the network is achieved
through the joint loss and is formulated as follows:
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Figure 7.3: Temporal Triplet learning (TTM) strategy in our TISML framework. For a given anchor f (xs ) at time
t , the positive samples are selected if they are within a time-window t w . In this example, t w = 3 is centered
to the anchor temporal position t , therefore, positive samples are selected at t −1 and t +1. The triplet loss is
computed on the hard-negative as well as semi-hard negative samples.

LT I SML = LDML +λL I dent (7.4)

The goal of this formulation is to minimize the total loss LT I SML by combining the
individual losses LDML and L I dent . λ is the weight used to trade off the class-wise triplet
loss and the softmax loss in the total loss.

7.3.3. TEMPORAL TRIPLET MINING ( TTM)
A prominent problem when using the triplet mining strategy is that the possible number
of triplet sets could be extremely large, and training the DML can be challenging and
prohibitively expensive. As a result, one of the main challenges in the triplet loss based
DML is the slow-convergence during the training process. Without a careful and smart
strategy to select the triplets, DML could only learn to map correctly easy sequences
with little discriminative power. Therefore, in our TISML framework, we adopt a semi-
hard triplet-sets mining strategy to guide the training process during the selection of the
triplet sets. Moreover, as temporally adjacent short-term descriptors are likely to belong
to the same semantic behavior, we propose the novel Temporal Triplet Mining (TTM)
strategy.

The training process is displayed at Fig. 7.3 (TTM). For a given anchor f (xs ) at time
t , we restrict the selection of its positive samples to the temporal vicinity (i.e. within a
temporal window t w). For example, if we set t w = 3 centered to the anchor temporal
position t , the positive samples will be selected at t −1 and t +1. Regarding the negative
samples, they are randomly chosen from other personality classes and could be from
any time-window. Clearly, the choice of t w is critical to obtain the best optimization
performance and its impact is discussed in the experiments section (Section 7.5.3).
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The optimization process of LDML (Eq. 7.2) is based on the online DML where the
selection of triplet sets is based on mini-batches in each iteration during the training
phase [6, 19]. Specifically, at every batch, we compute the loss expressed in Eq. 7.2 on
all the triplets that satisfy the constraint expressed in Eq. 7.5, in which both the hard-
negatives as well as the semi-hard negatives are considered. Hard negatives are defined
as samples that are closer to the anchor than the positive samples, i.e. d( f (x t

s ), f (x t
s−)) <

d( f (x t
s ), f (x t

s+)). Semi-hard negatives are defined as samples that are not closer to the
anchor than the positive samples, but which still have positive loss due to the margin, i.e.
d( f (x t

s ), f (x t
s+) < d( f (x t

s ), f (x t
s−)) < d( f (x t

s ), f (x t
s+)+mar g i n (Fig. 7.2 (TTM)). A crucial

step is to not take into account the easy negatives (i.e. d( f (x t
s ), f (x t

s−)) > d( f (x t
s ), f (x t

s+))+
mar g i n) which would give a small loss, and therefore, yielding little information to the
learning procedure.

d( f (x t
s ), f (x t

s−)) < d( f (x t
s ), f (x t

s+))+mar g i n (7.5)

Since the proposed TTM minimizes the distance between samples in the temporal
vicinity, adjacent short-term semantically related descriptors are aggregated forming an
informative series of sequences with different lengths. One advantage of this approach is
that unlike approaches like Dynamic-Time-Warping (DTW), we do not need any explicit
time synchronization or alignment to find similarities between sequences of different
lengths [2].

7.4. IMPLEMENTATION DETAILS
We use the Keras [20] and Tensorflow frameworks [21] for all computations in this work.
As the datasets used are recorded using different frame rates, we experimentally set the
frame sequence duration to T = 180 and T = 90 frames for the Nonsocial dataset and the
Salsa dataset respectively (note that due to different frame rate, each sample sequence
contains 6 seconds of data). For our image descriptors, we resize the final images to a
32×32 image to be a suitable input for the CNN architecture. Since our descriptor is not
a real image, this dimensionality has the advantage of not being computationally expen-
sive while still preserving the discriminative information. Given the motion as well as
proxemics images as input, the VGG19 architecture [22], pre-trained on ImageNet [23],
is adopted for feature extraction and learning. Although CNN models demonstrated to
learn discriminative and generic features applicable in novel domains [10], early convo-
lutional layers learn more low-level generic features, while higher-order convolutional
layers learn more task-specific features. We use the Conv3 layer as output of our VGG
model and, as our features describe skeleton temporal evolutions, we apply the pooling
strategy proposed by [10], called Temporal Mean Pooling (TMP). This strategy applies
the pooling only over the temporal, or row dimension of the feature maps (see descrip-
tion in Chapter 2, Section 2.9.1). The output descriptors are concatenated, and fed to two
Fully-Connected Layers with batch normalization. Finally, our embeddings dimension
of size 128 are used as input to our TISML.

Training. The proposed framework is trained on an Nvidia TITAN V GPU for 80
epochs. The batch size is obtained from two parameters (Fig. 7.3): the number of ran-
domly selected anchors a and the size of the temporal-window t w . In order to obtain
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batches containing a balanced amount of data for each personality label, we set a = 15
(i.e. 5 anchors for each label), while t w is set to be t w = 5 (more details on this parame-
ter selection in Section 7.5.4). We use Adam optimizer with a 7e −6 learning rate and the
margin in the triplet loss (Eq. 7.2) is set to 0.1.

7.5. EXPERIMENTS

To evaluate the proposed study, we present personality recognition experiments on two
public datasets recorded in different scenarios.

7.5.1. DATASETS AND LABELS

Following the experimental procedure of Chapter 6, all our experiments are carried out
on the Salsa dataset and on the Nonsocial dataset (see description in Chapter 2, Section
2.10.2).

Similarly to our experiments in Chapter 6, our TISML model is tested using two types
of personality labels: the three personality types [24] Y = [U ,R,O] (namely, Undercon-
trolled, Resilient, and Overcontrolled), and the Big-5 personality traits [25]
Y = [E , A,C , N ,OE ] (namely, Extraversion, Agreeableness, Conscientiousness, Neuroti-
cism and Openness). For the personality types labels, we use the ones provided by [14],
in which, the Big Five personality traits are projected onto three semantically higher cat-
egories called personality types [24]. The three personality types have the advantage
of representing the commonly used one-dimensional independent traits (e.g. high/low
Extraversion independent from high/low Neuroticism) as multidimensional dependent
factors. For example, the Resilient personality type is represented by high Extraversion
and Openness traits, and low Neuroticism (as discussed in chapter 5, Section 5.5.1). This
multidimensional representation of personality behaviors was shown to be more similar
to human judgments of behavioral characteristics [26]. For the Big-5 personality traits,
we use the publicly available labels provided in both datasets.

7.5.2. EVALUATION PROTOCOL

As the TISML framework contains two objective functions (i.e. LDML and L I dent ), fol-
lowing the experimental setup described in [18], we use the prediction of the softmax
layer when comparing to the state-of-the-art results on the personality labels. On the
other hand, the discriminative power of the generated embeddings is evaluated sepa-
rately, as to the authors’ knowledge this is the first work that employs a DML strategy for
personality recognition. In all of our experiments (e.g. Table 7.1 and Table 7.2), we fol-
low a leave-subjects-out based evaluation, in which a set of 6 subjects for the Nonsocial
dataset, and a set of 3 subjects for the Salsa dataset, are left out from the training proce-
dure and used only for testing. All results are reported in terms of F1 score. We compare
our performance against various state-of-the-art results for both datasets. Please note
that, from Chapter 6, only results using the same experimental protocol are reported for
comparison.
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Table 7.1: F1 score on the personality recognition task using different triplet mining strategies.

Triplet mining strategy Salsa Nonsocial
Random triplet mining RTM 72.0% 71.6%
Triplet mining through TTM 75.6% 74.9%

(a) Temporal Triplet Mining (TTM) Embeddings. (b) Random Triplet Mining (RTM) Embeddings.

Figure 7.4: TTM helps in creating a more explicit separation between the personality classes. The Resilient per-
sonality is depicted using red, the Undercontrolled personality is depicted using blue, and the Overcontrolled
personality is depicted using green. Moreover, short-term spatio-temporal descriptors are temporally aligned
via TISML creating higher semantical sequences that are easier to map to personality labels.

7.5.3. TTM VERSUS RANDOM TRIPLETS MINING (RTM)
In this section, we investigate the proposed TTM selection strategy (Section 7.3.3) com-
pared to the triplet loss standard random selection (RTM). In RTM, we select random
positive samples from other subjects with the same personality. Formally, given an an-
chor f (x t

s ) with a personality label ys , positive samples f (x t
s+) are chosen given the fol-

lowing constraints: ys+ = ys and s+ 6= s.
The results are reported in Table 7.1. From this table, we can conclude that selecting

random samples from different subjects with the same personality helps the model to
learn similarities invariant to the identity of a subject. However, as the samples embed
only short sequences (90 or 180 frames depending on the dataset), the discrimination
between the personality classes becomes harder. On the other hand, selecting triplets
with temporal constraints forces the model to learn similarities over samples further
away in time, and therefore, learning more comprehensive behaviors which results in
a stronger personality recognition performance.

In Fig. 7.4, we provide a visual example of the embeddings generated through the
different triplet mining strategies. In particular, Fig. 7.4(a) depicts the short-term spatio-
temporal descriptors of 5 batches from the Nonsocial dataset [13] encoded via the pro-
posed TTM, while Fig. 7.4(b) shows the short-term spatio-temporal descriptors of the
same 5 batches encoded using RTM. It is easy to notice that the separation between the
Y = [U ,R,O] personality classes (where, the Resilient personality is depicted using red,
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(a) Confusion matrix after TTM. (b) Confusion matrix after RTM.

Figure 7.5: Confusion matrices on the personality prediction using two different triplets selection (TTM and
RTM). Overall, selecting temporally related triplets yields a higher accuracy compared to randomly selected
triplets.

the Undercontrolled personality is depicted using blue, and the Overcontrolled person-
ality is depicted using green) is more explicit in Fig. 7.4(a), confirming the results of
Table 7.1. Moreover, TTM embeddings that were in the temporal vicinity in the input
space seem to be organized in sequences also in the latent space. As our latent space
exploits the spatio-temporal similarity between samples, we can assume that the cre-
ated subclusters are likely to belong to the same semantic behavior 7.4(a). On the other
hand, the embeddings generated by RTM do not present any visible structure 7.4(b). As
the short-term sequences are temporally aligned during the TISML learning, more dis-
criminative behavioral patterns are determined to enhance the overall understanding of
personality displays. Finally, analyzing the confusion matrix in Fig. 7.5, we argue that
the proposed TTM yields an improvement in the class distinctions over RTM, showing
that temporal information helps in the discrimination of personality patterns.

7.5.4. IMPACT OF TIME-WINDOW SELECTION

As explained in Section 7.3.3, the time-window parameter t w controls the selection of
positive samples in the temporal vicinity of the anchor. This parameter is crucial to cap-
ture the affective behaviors of the analyzed subjects. Positive samples that are tempo-
rally too far away from the anchor risk to carry little similarity, and therefore, deceive the
final goal of aggregating semantically related descriptors. On the other hand, positive
samples that are too temporally close to the anchor risk to be “too similar”, and there-
fore, yield an insignificant contribution to the learning objective.

In Fig. 7.6, we show the impact of the time-window selection. The Nonsocial dataset
[13] contains data of subjects performing problem-solving activities in an indoor envi-
ronment. As the subjects are moving to complete the given tasks, the behavioral data
contains several active and fast interactions, hence, selecting positive samples in a large
time-window range, (e.g. t w = 11), is not beneficial (blue line). As a matter of fact, fast
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Figure 7.6: Time-window parameter selection. Selecting positive samples in a large time-window range, (e.g.
t w = 7,11), is not beneficial on both datasets.
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Figure 7.7: Ablation study to evaluate the contribution of the input features. The framework is trained solely
on motion, proxemics, and on both motion and proxemics features.

interactions have a short duration, and therefore, highly informative samples have to be
selected from a shorter time-window (e.g. t w = 5). On the other hand, the Salsa dataset
[27] contains interactions from a poster session and a cocktail party in a university envi-
ronment. As subjects are engaged in social interactions, movements are slower and the
impact of longer time-windows is less visible. Given the results, t w = 5 is selected for the
rest of the evaluation in both datasets.
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7.5.5. ABLATION STUDY
An ablation study was conducted to verify the contribution of the chosen input descrip-
tors. In this experiment, the framework is trained and evaluated using a single input
descriptor per time (i.e. skeleton motion or proxemics features), or using the combina-
tion of the two cues as displayed in Fig. 7.2 on the personality types labels.

Results are reported in Fig. 7.7. Observing the results obtained using the features in-
dependently, the skeleton motion input confirms the findings in the literature and in the
previous chapters (Chapter 5, Section 5.5.3, and Chapter 6, Section 6.3.5) suggesting that
bodily expressivity is a strongly informative descriptor for personality understanding .

With regards to the descriptor corresponding to proxemics, although it does not fully
capture affective body expressions, it describes the interaction between subjects, and it
still constitutes an informative cue for personality analysis (see more detailed discussion
in Section 6.5, Chapter 6). According to Fig. 7.7, the combination of the two cues yields
the best results, confirming our initial hypothesis and, thus, it will be used in the rest of
our experiments.

7.5.6. COMPARISON WITH BASELINE TECHNIQUES
We compare our performance against various state-of-the-art results for both the Salsa
and the Nonsocial dataset. For a fair comparison, Table 7.2 is organized according to the
input features.

The first part of the table indicates the performance of methods that use solely skele-
ton motion features. In particular, PRcl , proposed in Chapter 5 uses an Autoencoder-
LSTM framework to learn skeleton motion dynamics. C l i ps+MT LN , proposed by [10],
uses skeleton motion descriptors (called clips) that are similar to our motion descrip-
tors. Clips are fed into a CNN framework called MTLN, which processes all frames of the
generated clips in parallel to incorporate spatial structural information for action recog-
nition. EL-LMKL [28] was proposed for leadership recognition as well as personality trait
recognition using optical-flow motion information. As El-LMKL uses optical flow-based
features, it cannot be applied to the Nonsocial dataset where the image data is not avail-
able.

In the second part of Table 7.2, we report the performance of baselines methods
that use motion-proxemics features. In particular, Person-Context CNN, proposed in
Chapter 6, maps short-term motion-context descriptors to personality labels using a
multi-stream CNN framework. Motion features are extracted for every individual in the
scene, and context features are extracted in terms of proxemics distances as well as social
groups interactions.

Additionally, to evaluate the effect of each term in our objective function LT I SML

(equation 7.4), we also train the model with individual loss functions, LDML and L I dent ,
separately. The results of this evaluation are indicated as “TISML LDML” and “TISML
L I dent ”. Note that to evaluate the output of “TISML LDML” we use the conventional
K-Nearest Neighbor (KNN) classifier with Euclidean distance on the generated embed-

dings (x̂ t
s ). We set K = 5, please see Section 7.5.8 for the investigation of different KNN

values.
Results show that the proposed TISML framework achieves higher results in all the

tested feature settings. Specifically, we achieve higher results compared to the state-of-
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Table 7.2: F1 score on the personality recognition task using different features of TISML compared to baselines
and other approaches.

Feature Type Method Salsa Nonsocial

M
o

ti
o

n

PRcl [13] 59.6% 55.3%
EL-LMKL [28] 61.2% -

Clips+MTLN [10] 68.5% 70.7%
TISML Skeleton motion (ours) 72.3% 71.2%

M
o

ti
o

n
-P

ro
x

Person-Context CNN [14] 73.0% 72.6%
TISML LDML (ours) 68.2 67.7
TISML L I dent (ours) 73.2 73.0

TISML (ours) 75.6% 74.9%

Figure 7.8: The F1 score distributions of TISML and Person-Context CNN [14] methods obtained using the
different experimental folds in the personality recognition experiment.

the-art models that use only motion by 3.8% for the Salsa dataset and by 0.5% on the
Nonsocial dataset. When using skeleton motion and proxemics, we improve the person-
ality recognition state-of-the-art results by 2.6% on the Salsa dataset, and by 2.3% on the
Nonsocial dataset.

Furthermore, the TISML trained using a double objective loss reaches higher perfor-
mance results than when trained using individual signals. This shows that using a double
term is beneficial to create more informative embeddings leading to better recognition
performance on both datasets.

Finally, in Fig. 7.8, we investigate the performance range/variation obtained in the
experimental folds, where each fold contains a set of different subjects used as test data.
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The F1 score distributions of the two best methods (i.e. TISML and Person-Context CNN
[14]) in the considered datasets are displayed in box plots. Results indicate that the
TISML F1 scores on the experimental folds are significantly higher (p-values less than
0.05) than the Person-Context CNN [14] scores.

7.5.7. PERSONALITY TRAITS RECOGNITION

In order to use the traits scores as classification labels, following the approach used in
[29], the score of each trait is transformed into a binary value (HIGH or LOW), based
on the median value computed from the population. Note that every trait is evaluated
independently from the scores of the other traits.

Figure 7.9 and Figure 7.10 show the prediction results of the proposed method, com-
pared to the Person-Context method introduced in Chapter 6. The Person-Context method
maps short-term motion-context descriptors to personality labels using a multi-stream
CNN framework. As the two frameworks use similar features (i.e. human motion and
context information) the results display the same trend for all the traits. Overall, TISML
reaches better accuracy in all the traits proving the benefit of learning behaviors similar-
ity via DML.

Figure 7.9: Personality Traits prediction using Person-Context CNN (Chapter 6) and the proposed method
TISML on the Nonsocial dataset.

In the Nonsocial dataset, the best prediction accuracy is obtained on the Neuroti-
cism trait, whereas the lowest result is obtained on the Extraversion trait. As this dataset
contains behavioral data of participants involved in problem-solving tasks, high-low
Neuroticism can be a factor influencing the way they behave. On the other hand, as
these tasks are performed individually, the Extraversion trait can be hard to express. In
the Salsa dataset, the best prediction accuracy is obtained on the Agreeableness trait,
whereas the lowest result is obtained on the Conscientiousness trait. As this dataset con-
tains behavioral data of participants involved in social events in an university, high-low
Agreebleness trait can be a factor influencing the participants’ way of meeting and dis-
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Figure 7.10: Personality Traits prediction using PC CNN [14] and the proposed method TISML on the Salsa
dataset.

cussing. This result is aligned with the results presented in [27], where the authors found
a significant correlation between the Agreeableness trait and group conversations.

7.5.8. KNN CLASSIFIER INVESTIGATION
In the previous subsection (Section 7.5.6), we showed that the results obtained using the
combination of the two losses yielded better results than using independent loss signals.
In this section, we perform an experiment to evaluate the discriminative power of the
embedding space created using our DML strategy.

As TISML belongs to the DML domain, we aim to investigate whether embeddings
belonging to the same personality class are placed close to each other, while embed-
dings belonging to different personality classes are placed further away. We can evaluate
this by using the conventional K-Nearest Neighbor (KNN) classifier with Euclidean dis-
tance. By varying the number of nearest neighbors K , we can evaluate the structure of
the embedding space and the distances between samples with respect to their personal-
ity labels.

Fig. 7.11 shows the results of several K for the personality recognition task on the an-
alyzed datasets. Good performance is obtained when K is set to higher values, in a range
between [25,100]. For example, at k = 50, we obtain 73.5% and 73.3% f1-score, for both,
Salsa and Nonsocial datasets, respectively. These results show that the embedding space
has been optimized to separate well the samples according to the personality labels.

7.6. CONCLUSIONS
In this chapter, we proposed a framework for automatic personality recognition that is
able to embed different behavioral dynamics evoked by diverse real world scenarios.
Specifically, motion features were designed to encode local motion dynamics from the
human body, and interpersonal distance (proxemics) features were designed to encode
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Figure 7.11: Evaluation of the discriminative value of the generated embeddings using a knn classification.

global dynamics in the scene. By using a Convolutional Neural Network (CNN) archi-
tecture which utilized a triplet loss Deep Metric Learning (DML), we learned temporal,
as well as discriminative spatio-temporal streams of embeddings to represent patterns
of personality behaviors. The learning task was accomplished using the novel TISML
component. In TISML, a Temporal Triplet Mining (TTM) strategy was employed to lever-
age the similarity between temporally adjacent short-term descriptors as they are likely
to belong to the same semantic behavior and, thus, have higher chances to lead to ro-
bust modeling of personality labels. Finally, a double term objective function was used
for personality recognition and personality retrieval tasks. Experiments showed that
our framework generated embeddings that exploit the semantic similarity of samples
in the temporal vicinity. In other words, our latent space found subclusters of tempo-
rally related samples that are also semantically related (i.e. they are likely to belong to
the same activity). Empirical experiments showed that TISML discovered more mean-
ingful behavioral patterns that improve the state-of-the-art results. Moreover, as these
sequences contain a higher semantic value, they are easier to compare with respect to
short-term spatio-temporal descriptors, facilitating the discovery of critical behavioral
patterns linked to personality descriptions.
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8
CONCLUSIONS AND FUTURE

RESEARCH

This thesis investigated how automatic human behavior understanding using sensory
data can support real-world applications in the fields of AAL, surveillance and HCI. As
nonverbal communication (e.g. body postures, facial expressions as well as gestures)
conveys rich information about behaviors, in this thesis, we proposed several novel meth-
ods to extract, learn, and visualize meaningful patterns of human behaviors. Specifically,
we focused on human body posture and motion analysis making use of RGB and depth
information from video data.

We are in the midst of a wave of technological innovations that are revolutionizing
several aspects of our life. This advancement creates infinite opportunities to investigate
the use of smart applications to help tasks that until now required manual and tedious
human interventions. In this direction, this thesis investigated how the understanding of
human motion can be used to automatize certain tasks in the fields of AAL, surveillance
and HCI.

This chapter provides the conclusions of this thesis. In Section 8.1 we answer the re-
search questions posed in the introduction, while recommendations for future research
are given in Section 8.2.

8.1. ANSWERS TO THE RESEARCH QUESTIONS

Five research questions were formulated in Chapter 1 concerning different aspects of
human behavior understanding. These inquires guided my research throughout the PhD
study, and, in the following subsections, we explain the implications of our findings.

169
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8.1.1. RESEARCH QUESTION 1: HOW CAN MOTION TRAJECTORIES BE LEVER-
AGED FOR THE DISCOVERY OF NORMAL AS WELL AS ABNORMAL BE-
HAVIORAL PATTERNS?

In Chapter 3, we proposed a novel system for detecting normal and abnormal human
behaviours from trajectory data. Analyzing motion trajectory data has several advan-
tages. As the majority of surveillance settings must cover wide areas, the captured in-
formation can pose several challenges, including low resolution videos or even total ab-
sence of video signals (e.g. radar signals can replace video cameras in some fields) [1].
In these scenarios, it is difficult to compute complex behavioral features like gestures,
body poses or appearances. Hence, the most valuable information is the positions of
objects recorded along the tracks (i.e. trajectories). In Chapter 3, we investigated various
temporal features in combination with spatial information to create spatio-temporal in-
sights, describing objects motions in the scene. Furthermore, we obtained an improved
and more efficient feature representation by applying an Autoencoder Neural Network
on top of the trajectory features, which, through experiments, showed to be useful for
representing the underlying motion distribution.

Another characteristic that is common in surveillance systems is the abundance of
unlabeled as well as noisy data. Data is automatically recorded every day, and it usually
includes only 1% of meaningful events. The process of manually discovering these rare
events can be expensive and time-consuming. Therefore, smart surveillance systems
leveraging unsupervised methods for motion analysis can drive important advancements
in the surveillance field, helping to reduce the cost and optimizing human efforts. In this
direction, in Chapter 3, we proposed an unsupervised approach for obtaining data an-
notations by performing clustering on the extracted features. Our result was a map of the
environment organized in spatio-temporal motion clusters. With this map, we aimed to
simplify the labeling process as the final users of the system will have to label k activity
patterns instead of all the individual trajectories. Furthermore, this process can be very
useful when the system needs to be deployed in different environments and the labelling
task has to be fast and generalized. One important aspect of our work lies in the flexibil-
ity and generalization ability of the proposed system. Hence, we performed experiments
on both indoor and outdoor surveillance data.

Smart-camera systems have been mostly applied in public environments (e.g. train
stations, public squares, and roads). Due to important privacy concerns about video
data in private homes, few indoor smart systems have been commercialised. However,
with an increasingly growing population in Europe, and the willingness of the elderly
to live independently in their home as much as possible, smart monitoring systems are
called for a great opportunity. In this direction, in the second part of Chapter 3, we inves-
tigated our spatio-temporal model for the detection of abnormal behaviors (connected
to various diseases including Dementia and Alzheimer’s). As there exist few datasets con-
cerning the detection of abnormal trajectories in indoor private spaces, we proposed a
novel dataset where we recorded 19 participants performing 6 tasks that simulate home
activities (e.g. searching for keys, making tea). This dataset was also used in the context
of a European H2020 program (Grant Agreement N ◦ 690090, ICT4Life project 1), for in-

1http://www.ict4life.eu/
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vestigating and training the model on abnormal trajectories that could happen in real
world AAL scenarios. The applicability of our proposed framework could enhance the
prevention mechanisms and contribute to an increased feeling of security supporting
the older population suffering from Dementia and Alzheimer’s diseases.

8.1.2. RESEARCH QUESTION 2: HOW CAN MOTION TRAJECTORIES BE LEVER-
AGED FOR REAL-TIME SURVEILLANCE APPLICATIONS?

Real-time analysis of motion intervals is a critical step for the understanding of objects
mobility. We are living in exciting times for the automation of several tasks that involve
objects’ navigation. Self driving objects (i.e. cars, robots, trucks) are being tested in real-
world scenarios, collecting data to train their models on the uncertainties of real-life
situations. In this thesis, we explored real-time prediction of future objects’ trajectories
in outdoor as well as indoor scenarios.

The degree of complexity that concerns objects’ trajectories in public spaces is very
high. Especially us humans, we can make a great range of movements in a split of a
second to reach a desired destination. Human motion is affected by internal needs, for
example, going to the supermarket to do grocery shopping, as well as by external en-
vironmental factors, for example, obstacles along the way. In Chapter 4, we proposed
a hierarchical framework for modeling motion trajectories in real-time. The hierarchi-
cal architecture was designed to capture short spatio-temporal trajectory patches in the
lower levels. Short motion patches are highly variant, containing short deviations and
turns caused by moving obstacles all around. Then, in the higher levels, we combined
motion patches using a grid structure where we smoothed short deviations of individual
patches and learned longer and more meaningful spatio-temporal motion trajectories.
Finally, we modeled temporal motion transitions using Bayesian probability, by inferring
the future trajectory step given the current motion information.

The effectiveness of our approach was demonstrated in both indoor and outdoor
public spaces for short-term as well as long-term path prediction. Furthermore, the pre-
sented approach was also suitable for abnormality detection, computed using the like-
lihood of the conditional probabilities. As every object has different characteristics and
rules, we also tested the model on the ability to discriminate between different classes of
moving objects (i.e pedestrians vs. cars) using trajectory data. We believe it is extremely
important for our society to improve and automate surveillance systems to help the op-
erators to prioritize meaningful events. In this direction, our proposed model was able
to predict the next trajectory step as well as detect when a trajectory is moving in an un-
expected way. These types of automatic systems are important to direct the attention of
the operators occupied in managing the surveillance systems, often consisting of dozens
of cameras.

8.1.3. RESEARCH QUESTION 3: POSTURE SEQUENCE MODELLING AND AF-
FECTIVE COMPUTING: WHAT CAN WE AUTOMATICALLY LEARN ABOUT

PERSONALITY USING BODY POSTURES?
“Human groups are characterized by a constant flow of verbal and nonverbal commu-
nication; people are talking, listening, smiling, gesturing, touching, and laughing.” [2].



8

172 8. CONCLUSIONS AND FUTURE RESEARCH

Unlike verbal communication, which is based on languages that have a well studied se-
mantic and syntactic structures, nonverbal communication is lacking a generic under-
lying architecture [3]. Human body postures and gestures are two of the most important
forms of nonverbal communication. They include movements of hands, head and other
parts of the body that allow individuals to communicate a variety of feelings, thoughts
and emotions [4].

In this thesis, we investigated the use of deep learning frameworks for skeleton-based
posture extraction and understanding. Specifically, in Chapter 5, we introduced a novel
approach to learn upper body posture representations using an Autoencoder Neural
Network. As the temporal evolution of human behaviors plays a critical role when it
comes to decoding the semantic meaning of behaviors, we proposed the use of LSTM
networks for learning behavior dynamics. Additionally, by adding a classification layer
on top of the LSTM output, the mapping between behaviors and personality was per-
formed.

Skeleton-based behavior understanding has received great attention due to its wide
range of applications in smart home environments, HCI, and surveillance. One of the
great advantages of using skeleton information is that it records only the position of the
joints in time. As no image data and no personal data is saved, the privacy of the users
is not invaded. Therefore, we extended the “Multimodal dataset for abnormal behavior
understanding” by recording and analyzing the full body movements of 46 participants
performing 6 tasks in an indoor environment.

In Chapter 5, we demonstrated that this data can provide useful insights on the study
of human motion trajectories as well as for detecting affective human behaviors. While
observing participants performing problem-solving tasks under pressure, we noticed
that our participants expressed behavioral and interaction patterns that were worth to
explore more in-depth. In this direction, personality psychology provides several models
that aim at categorizing how we, as individuals, tend to behave in ways that are broadly
consistent over time. When mapping computational models and features to personal-
ity theories, we highlighted the need of interdisciplinary research, between psychology,
computer vision and affective computing, for enhancing the ability to understand and
automatically recognize human personality at a deeper level.

8.1.4. RESEARCH QUESTION 4: ARE CONTEXTUAL CUES INFORMATIVE PRE-
DICTORS IN ADDITION TO POSTURE FOR PERSONALITY RECOGNI-
TION?

As shown by several psychological researches, humans tend to show consistent behav-
ioral patterns independently from the situation or the geographical location [5]. How-
ever, due to external factors like contextual rules and social environments, it is extremely
challenging to build general systems able to detect these patterns in diverse scenarios.
In this thesis, we investigated the use of contextual information, merged together with
individual motion features, for a more robust affective computing and behavior under-
standing system.

In computer vision, contextual information has been shown to improve several chal-
lenging tasks such as action recognition [6] and social scene understanding [7]. Building
on these findings, in Chapter 6, we proposed a framework which mapped the mutual
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relation between individual behaviors and contextual information to personality labels.

In Chapter 6, we presented a novel CNN-based framework for personality recogni-
tion. Our model analyzed the scene at multiple levels of granularity: firstly, we encoded
spatio-temporal descriptors for each individual in the scene. Secondly, we extracted
spatio-temporal descriptors from social groups, and thirdly, we encoded the global prox-
emics of every individual in the scene. Additionally, we demonstrated that the proposed
proxemics features can be applied also in a nonsocial scenario, encoding scene interac-
tion information. Experimental results demonstrated the effectiveness of our approach,
showing that modeling together Person-Context information significantly improves the
individual features on personality recognition tasks.

The Analysis of Person-Context interactions provides useful information for several
real-world applications including social role understanding and event prediction [8].
One of the main challenges of merging these two sources of information is modeling
the variation of social groups that, in most cases, are varying in size and context. We
believe that the understating of personality patterns, as an additional source of infor-
mation, can help in the construction of deeper social group models, and vice-versa. For
example, imagine a social scenario in which different interpersonal styles influence the
group interaction. Individuals that strive to be in the center of the conversation will try
to actively capture the attention of the rest of the group, resulting in the group acting
more passively [9]. By combining information at the individual level with information at
the context level, a robust semantic understanding of the situation is perceived. Even if
individuals are in a nonsocial scenario (e.g. when an individual is alone at home), it has
been shown that people engage with contextual objects as they would engage with other
humans (Anthropomorphism) [10]. Therefore, by examining the interaction between
human behaviors and the surrounding scene, important information about human per-
sonality can be extracted.

During the past decades, several personality models have been proposed and widely
studied. In this thesis, we focused on two popular models among psychologists: the Big-
Five personality traits [11], and the three personality types [12]. The Big-Five traits model
splits the behaviors in five traits, i.e. Extraversion, Agreeableness, Conscientiousness,
Neuroticism, and Openness. These traits are often considered and evaluated indepen-
dently, without addressing their connections. In contrast, numerous studies confirmed
the theory proposed in [12], according to which personality traits can be organized in
three major types: Resilient, Undercontrolled and Overcontrolled (see Chapter 5 and
Chapter 6). In order to avoid being biased towards one personality model, in this thesis,
we tested our frameworks using labels coming from both models. Although the Big-
5 model is more popular among affective computing specialists, the model in [12] can
capture the interplay among individual personality traits. It is our belief that attempting
to establish unique combinations of personality traits may be more useful for real-world
applications such as automatic job-screening or HCI. These combinations can be more
similar to how individuals describe others, for example, if we describe “George” as being
friendly, friendliness should have a high score on both the Agreeableness and Extraver-
sion scales. On the contrary, an individual with high Agreeableness but low Extraversion
will tend to be perceived as docile or conformist [13].
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8.1.5. RESEARCH QUESTION 5: DOES MODELLING THE TEMPORAL NATURE

OF HUMAN BEHAVIORS IMPROVE LATENT REPRESENTATIONS AND CON-
SEQUENTLY PERSONALITY RECOGNITION?

Comparing and categorizing behavioral patterns for personality understanding is a chal-
lenging task due to the multiple representations the same behavior can acquire. For
example, the same behavior can be performed in different way due to the context (i.e.
social versus nonsocial), or due to individuals’ internal drives (e.g. personality, mood,
emotion, goals, cognitive state). A simple action like walking, can be expressed in several
different ways depending on the attitude/personality (i.e. nervous versus calm person-
ality), or depending on the scenario (i.e. crowded versus empty scenario). In this thesis,
we aimed at expanding the use of body motion as well as context information to learn
their dynamic interaction in time.

In Chapter 7, we proposed a novel model that leverages the similarities between tem-
porally adjacent short-term descriptors as they are likely to belong to the same semantic
behavior. This learning process is carried out using a novel strategy, in the field of Deep
Metric Learning (DML), called Temporal Triplet Mining (TTM). Effectively measuring the
similarity between two human motions is a non-trivial problem as human poses have to
be compared across a temporal set of frames. This introduces several challenges such
as alignment as well as pose to pose comparison. Therefore, our intuition was to select
temporally related positive examples to encourage the DML model to generate embed-
dings with temporal relation while maintaining a high discriminative power for person-
ality recognition. We found that learning the temporal similarity allowed the model to
assemble longer sequences that contain higher semantic value than the input features.
Moreover, as we did not add any constraint on the temporal relations, the model auto-
matically learned sequences of varied temporal durations.

Real-world applications often involve great amounts of noisy as well as sparse data,
that requires a lot of resources for manual annotations (e.g. actions or events). For exam-
ple, behavior understanding designed as a supervised task, involves an important effort
in segmenting the actions in time (i.e. finding a start and an end), as well as defining
the semantic label of given behaviors. On the contrary, in Chapter 7, we adopted a self-
supervised learning strategy [14], where the greatest amount of supervision is given by
the data, and not by human annotators. In this way, we observed that, by selecting tem-
porally related samples in our DML strategy, we encouraged our framework to generate
embeddings with temporal relation without any human labels.

Effectively measuring the similarity between human behaviors is a critical task for
several applications in the fields of Surveillance, HCI, as well as Healthcare. Moreover, by
adding the affective component into the model, we aimed to be on a crossroad between
standard computer vision algorithms and social psychological studies. This effort can
lead, in the long-term, to socially intelligent surveillance and monitoring technologies
[15], and the role of this research contributes to placing the foundations towards this
goal.
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8.2. FUTURE RESEARCH
Behavior analysis. Nowadays, humans are transferring a large amount of their activities
(i.e. work, social, hobbies) on their computers and on the internet. Currently, computa-
tional systems are becoming a ubiquitous presence in our life. As humans are spending
more and more time with these technologies, building intelligent, adaptable and indi-
vidualized systems is more necessary than ever. By detecting and adapting to the users’
personalities and emotions, there is a great potential for introducing novel user experi-
ences.

As more and more data regarding digital activities is available, it is possible to ex-
tract targeted and more detailed features for user behavior understanding. For example,
there is an abundance of data relating to online shopping behaviors, data about sport
activities, social interactions and so on. However, even though the activity channels are
changing, we must not forget that the center of our study has to be the user. Only by
using and integrating the knowledge acquired from studying humans’ behaviors from
multiple perspectives, can we enhance technology-based user experience.

Psychologists have long studied human behaviors and personality, and throughout
the years different theories have been proposed to explain and understand them [16]. In
this thesis, we mainly worked with the Big Five Traits model [11], and the three personal-
ity types model [12]. The main criticism against the use of personality trait models is that
they are purely descriptive and do not correspond to actual characteristics of individuals
[16]. Another debate on personality theory is about self-impressions versus the person-
ality attributes that other individuals perceive. In this thesis, we based our studies on
self-reported questionnaires [17], as this annotation approach was the most commonly
used in the affective computing literature.

Future research must aim at integrating multidisciplinary inputs to the behavior and
personality understanding problems. All the behavioral cues that may show the true
personality of individuals have to be analyzed from multiple sides, and only in this way,
technology could achieve a better and complete understanding of human behaviors.

Behavior analysis in Healthcare. The experience gained in an ambitious H2020 Eu-
ropean project such as ICT4Life is very relevant for the advancement of smart technolo-
gies in healthcare. Machine Learning researchers, medical doctors, and professionals
gathered and investigated together practical solutions to improve the life of seniors af-
fected by Dementia and Alzheimer’s diseases. The involvement of smart technologies in
supporting disabled people requires the study of several critical challenges. Privacy, ac-
curacy of the sensors, reliability of the technology and collaborations between different
professionals were the key messages learnt from this experience.

Future research in this domain must aim at keeping always the disabled users at the
center of the design. Users should feel comfortable to have the technologies installed
in their home, and the technologies should be designed to support them. Another great
challenge is the collaboration between professionals from different fields. Multidisci-
plinary projects like ICT4Life require full-time involvement of all the parts to design plat-
forms able to support and improve life conditions.

Computer Vision and Artificial Intelligence. The increasing amounts of video and
image data and the advances in Deep Neural Networks have made computer vision one
of the most important research areas in artificial intelligence. As we saw in this thesis,
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video surveillance is one of the areas where computer vision can have a great impact.
Tackling challenges like multi-camera and multi-person tracking as well as person re-
identification could enable the fully automated use of intelligent video surveillance sys-
tems in public spaces, like train stations and airports. Additionally, in this thesis, we
covered behavior understanding using trajectory as well as human posture data. Fu-
ture works should focus on the fusion of multiple data sources such as face, audio, bio-
metrics signals to allow the algorithms to capture meaningful and complete behavioral
patterns. In this regard, strategies like Deep Metric learning showed to have great abili-
ties into fusing different data sources to create a common embedding space optimized
for behavior and personality recognition. Finally, to make more scalable and adaptive
computer vision solutions, future works should focus on reducing human labeling com-
ponents, i.e., targeting more the unsupervised as well as semi-supervised learning strate-
gies. As the cost associated with the labeling process is often large, in several domains,
fully labeled datasets become infeasible, whereas, the acquisition of unlabeled data is
relatively easier. In such situations, unsupervised as well as semi-supervised learning
can be of great practical value for the expansion of computer vision applications in real-
world scenarios.
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IMPACT PARAGRAPH

In this addendum, the scientific as well as social impact of the presented work is dis-
cussed. The paragraph below addresses the drafted four questions given in the “Regula-
tions for obtaining the doctoral degree Maastricht University” [1].

(Research) What is the main objective of the research described in the thesis and what
are the most important results and conclusions?

This thesis investigated how automatic human behavior understanding from video
data can support real-world applications in the fields of Ambient Assisted Living (AAL),
Surveillance and Affective Computing (AC). Unlike language, which has well studied se-
mantic and syntactic structure, human behaviors are lacking a generic underlying ar-
chitecture [2]. As a matter of fact, human behaviors are generated in different forms
and levels of complexity. In this thesis, we aim to study human behaviors in different
environments by interpreting how body motion and body postures evolve over time.
Specifically, in Chapter 3 and Chapter 4, we build two novel frameworks that extract
and interpret spatio-temporal motion features using trajectory data. We demonstrate
that by learning the spatial as well as the temporal distribution of the trajectory points,
we can detect abnormal behaviors and predict in near real-time what will happen next.
These models showed to be beneficial in surveillance applications, such as detecting ab-
normal events in public environments like train stations or public squares, and in AAL
applications, such as detecting dangerous events in elderly affected by dementia and
Alzheimer’s disease. In Chapter 5, Chapter 6, and Chapter 7, we build novel frameworks
to encode body postures and their interaction with context information over time. Our
main objective in these chapters is to learn stable behavioral patterns defined as Per-
sonality patterns. Our research highlights that integrating computational models with
psychological theories, such as the Big-5 personality traits, can help the interpretation
of human behaviors in social as well as nonsocial environments.

(Relevance) What is the (potential) contribution of the results from this research to
science, and, if applicable, to social sectors and social challenges?

We are in the midst of a wave of technological innovations that are revolutionizing
several sectors of our society. However, the integration and the automation of new tech-
nologies in our society remains a fundamental challenge to be tackled. In this thesis, we
study the automatic understanding of human behaviors and its applications in the fields
of Ambient Assisted Living, Surveillance and Affective Computing.

As the average population age in Europe, and in the world in general, is steadily in-
creasing, new challenges surrounding the economic burden of having more old people
than young are emerging. In this context, smart and automatized healthcare applica-
tions made with low-cost sensors could reduce the economic impact while improving
the living conditions of the old population [3]. In this thesis, we investigate the detec-
tion of abnormal events such as confusion and repetitive behaviors that impact elderly
affected by dementia and Alzheimer’s disease. In Chapter 3, we propose a dataset which
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encourages the analysis of human behaviors in unrestricted settings for the discovery
of abnormal patterns from spontaneous activities. Datasets containing abnormal ag-
itation and confusion behaviors from video data are rare to find as well as difficult to
collect. Hence, with the help of medical professionals, in this dataset, we designed cer-
tain activities which might provoke trajectory data similar to the ones created by people
in confusion states. The dataset is used to design and train a machine learning model
that distinguishes between normal and abnormal activities. Finally, by applying a trans-
fer learning strategy, we test the model directly in hospitals with four patients affected by
Alzheimer’s disease. This work is part of the ICT4Life European project, which aimed to
implement a platform integrating a series of innovative services, targeting aging people
with cognitive impairments.

Affects and emotions are fundamental human experiences that have a great impact
on humans’ lives, choices, well-being, and so forth. Consequently, the ability to auto-
matically recognize and interpret affective attributes and emotional patterns can have a
huge impact on several sectors in our society. Specifically, in this thesis, we study how
human body postures, interactions, and behaviors can be automatically mapped to per-
sonality labels. As human beings, we are able to interpret affective states of other individ-
uals from little information. Therefore, the obtained results are of great importance for
future interdisciplinary behavioral studies, aiming to combine data-driven approaches
with psychological studies to enhance the understanding of human behavior from ma-
chines’ perspective.

(Target group) To whom are the research results interesting and/or relevant? And why?

The primary target group of the presented studies is the researchers in Computer Vi-
sion and the field of AI in general. Five novel frameworks have been introduced, from
Chapter 3 to Chapter 7. Quantitative as well as qualitative experiments are carried out to
investigate the efficacy of our methods on public datasets against state-of-the-art com-
puter vision algorithms.

The secondary target group is the potential users of the AI applications presented in
this thesis and are described below.

For the users in the healthcare field, we presented the ICT4Life platform (Chapter
3), which aimed at providing innovative ICT services targeting the aging population.
The ICT4Life platform includes AI algorithms to monitor, detect, and prevent dangerous
events supporting the old generation to live independently for as long as possible. Nev-
ertheless, the aging process brings several difficulties that affect not only the old genera-
tion, but also the elder’s family and healthcare professionals. In this context, the ICT4Life
platform focuses on the integration of different information (sensory information as well
as medical files) to provide high level insights on the patient’s health condition. These
insights are accessible to all the users of the platform, i.e. patient, carers, medical staff.

For the users in the surveillance field, long and unconstrained security footage is
hard to monitor due to limited human resources. The ability to hold attention and to re-
act in case of rarely suspicious events is demanding and prone to human error [4]. Thus,
the presented work in Chapter 3 and Chapter 4 which differentiate important events ver-
sus unimportant events is critical to optimize the limited attention of surveillants, and,
at the same time, to alleviate the costs of surveillance systems.

For the users in the affective computing field, we presented three novel frameworks
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(Chapter 5, Chapter 6, and Chapter 7) which link body postures and context interactions
to personality attributes. The detection and the recognition of human affective cues can
be applied in several applications for industries as well as for education. For example,
companies can understand their customers better and provide more satisfactory ser-
vices by pulling emotional strings that are difficult to reach with the standard marketing
strategies. Schools and universities can personalize the educational contents by looking
and understanding the involvement of the students.

(Activity) In what way can these target groups be involved in and informed about the
research results, so that the knowledge gained can be used in the future?

In this thesis, we presented five works that have been published to peer-reviewed
international conferences as well as high-impact journals. The work published in peer-
reviewed conferences has been displayed in presentation form (Chapter 3 and Chapter
7) as well as poster form (Chapter 5). Furthermore, the work in Chapter 3 was part of the
ICT4Life European project 2, and it has been presented during international consortium
meetings as well as revisions to the European commission.
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