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Ferdinando, Hany, Classification of ultra-short-term ECG samples: studies on
events containing violence. 
University of Oulu Graduate School; University of Oulu, Faculty of Information Technology
and Electrical Engineering
Acta Univ. Oul. C 768, 2020
University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

Violence is a serious global problem that may cause considerable distress with long lasting
consequences. It affects all associated parties, including victims, perpetrators and witnesses.
Studies on automatic violence detection using surveillance cameras have been conducted for about
20 years, but they are limited to the witness perspective.

This work aimed to approach the problem from the victims’ point of view. The main research
question was: is it possible to classify events as violent or non-violent by analysing ultra-short-
term ECG signals? Two specific objectives were set: 1) to collect a small-scale database
containing synchronized ultra-short-term ECG signals from both physically violent and non-
violent events based on simulations, and 2) to extract features from ECG signals to discriminate
between violent and non-violent events indirectly and directly. In the indirect inference approach,
emotion recognition served as a first step to separating between violent and non-violent events;
this work was done using the Mahnob-HCI database. The direct inference approach, in contrast,
classified signals as being indicative of either violent or non-violent events.

The main contributions are as follows: 1) For the indirect approach, methods were developed
to extract useful features. These were mainly based on bivariate empirical mode decomposition,
performed to obtain intrinsic mode functions, which were examined by spectrogram analysis to
reveal dominant frequencies and by statistical analysis to expose oscillation characteristics.
Enhancing these features with supervised dimensionality reduction achieved an accuracy of up to
70% for a 3-class problem in valence and arousal. 2) For the direct approach with the collected
database, the same feature extraction method was applied to achieve an accuracy of up to 88% for
a binary classification problem of discriminating between violent and non-violent events.
Enhancing features with supervised dimensionality reduction failed to improve performance.

Experiences garnered during database collection highlighted the importance and challenges of
collecting high quality data for violence studies. We expect that the proposed methods based on
ultra-short-term ECG signals can be useful for other applications as well, including emotion
tracking in affective computing and biofeedback techniques in gaming applications and clinical
medicine.

Keywords: affect recognition, machine learning, physical violence, school bullying,
ultra-short-term ECG





Ferdinando, Hany, Ultralyhyiden EKG-näytteiden luokittelu väkivaltaa sisältä-
vien tapahtumien tutkimisessa. 
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Tieto- ja sähkötekniikan tiedekunta
Acta Univ. Oul. C 768, 2020
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä

Väkivalta on vakava globaali ongelma, joka saattaa aiheuttaa kohteille huomattavaa kärsimystä
ja pitkäaikaisia seuraamuksia. Se vaikuttaa kaikkiin osapuoliin: uhreihin, tekijöihin ja todista-
jiin. Automaattista väkivallan ilmaisua on tutkittu turvakameroita käyttäen noin 20 vuotta, mut-
ta se on rajoittunut todistajan näkökulmaan.

Tässä työssä pyrittiin lähestymään ongelmaa uhrin näkökulmasta. Tärkein tutkimuskysymys
oli: Onko mahdollista luokitella tapahtumia väkivaltaisiksi ja ei-väkivaltaisiksi analysoimalla
ultralyhyitä EKG-näytteitä. Työssä asetettiin kaksi erityistavoitetta: 1) Kerätään pienen mittakaa-
van tietokanta, joka sisältää synkronoitua ultralyhyttä EKG-signaalia simuloiduista väkivaltaisis-
ta ja ei-väkivaltaisista tapahtumista, 2) irrotetaan EKG-signaalista piirteitä, joiden avulla väki-
valtaisia ja ei-väkivaltaisia tapahtumia voidaan erotella toisistaan suoraan ja epäsuorasti. Epä-
suorassa päättelyssä tunnetilojen tunnistaminen toimi ensiaskeleena väkivaltaisten ja ei-väkival-
taisten tapahtumien erottelussa; tutkimus tehtiin Mahnob-HCI-tietokantaa käyttäen. Suora päät-
tely sen sijaan luokitteli signaalit suoraan väkivaltaisiin ja ei-väkivaltaisiin tapahtumiin liittyvik-
si.

Tärkeimmät kontribuutiot ovat seuraavat: 1) Epäsuoraa lähestymistapaa varten kehitettiin
menetelmiä, joilla irrotetaan luokittelijalle hyödyllisiä piirteitä. Ne soveltavat pääosin bivariate
empirical mode decomposition –menetelmää irrottamaan ultralyhyistä EKG-näytteistä muoto-
funktioita, joiden dominanttitaajuuksia tutkittiin spektrianalyysillä. Luokittelijan avainpiirteinä
olivat dominoivien taajuuksien ja niiden ensimmäisten derivaattojen tilastolliset jakaumat.
Tehostamalla näitä piirteitä ohjatulla dimensionaalisuuden vähentämisellä saatiin aikaan jopa 70
%:n tarkkuus valenssin ja arousalin 3-luokkaisessa asetelmassa. 2) Suorassa lähestymistavassa
käytettiin samaa piirteenirrotusmenetelmää, jolla saatiin aikaan jopa 88 %:n tarkkuus väkivalta-
ja ei-väkivaltatapahtumien erottelulle binäärisessä luokittelutilanteessa. Piirteiden tehostaminen
ohjatulla dimensionaalisuuden vähentämisellä ei parantanut suorituskykyä.

Tietokannan kokoamisen aikana kerätyt kokemukset korostivat väkivaltatutkimuksen korkea-
laatuisen datan keräämisen tärkeyttä ja haasteita. Kehitetyt ultralyhyihin EKG-näytteisiin perus-
tuvat menetelmät voivat olla hyödyllisiä myös muissa sovelluksissa, kuten tunnetilojen vaihtelu-
jen seurannassa affektiivisessa laskennassa, bio-takaisinkytkennän tekniikoissa pelisovelluksis-
sa ja kliinisen lääketieteen sovelluksissa.

Asiasanat: affektiivinen laskenta, fyysinen väkivaltaisuus, koneoppiminen,
koulukiusaus, ultra-lyhyt EKG
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1 Introduction 

Physical violence is an international problem (Lam & Liu, 2007; Monks & Coyne, 

2011; UNICEF, 2013). In recent times, it has become a particularly acute topic, as 

evidenced by the European Forum on the right of the child project (European 

Commission, 2012). Being a complex global social problem among teenagers and 

even children (Due et al., 2005, 2009), physical violence also includes certain types 

of disciplinary actions that may be harmful to health. As a result, preventing 

violence is now being recognized as a global priority.  

APA, the American Psychological Association, defines violence as an extreme 

form of aggression, including assault, rape or murder. Physical violence occurs in 

a variety of contexts during childhood, adolescence and adulthood – taking place 

even in places where children should be safe, such as schools (Toby, 1983; 

Lawrence, 1999). In the school community, it is conceptualized as a complex 

problem involving criminal acts and aggression (Furlong & Morrison, 2000). 

Violence, in general, brings consequences not only for the victims, but also for 

witnesses, including post-traumatic stress disorder, depression, dissociation and 

substance abuse (Buka, Stichick, Birdthistle, & Earls, 2001). It may also inhibit the 

learning processes of the people concerned (Furlong & Morrison, 2000). Shortly, it 

is a serious global problem that may cause considerable distress with long-lasting 

consequences to those affected by it. 

These considerations have served as motivation to systems which employ 

surveillance video signals to classify detected events into two classes: violent or 

non-violent (Gao, Liu, Sun, Wang, & Liu, 2016; Ribeiro, Audigier, & Pham, 2016; 

Zhang et al., 2017). Such systems approach the situation from the witness 

perspective, recording events which they report to appropriate authorities 

immediately. Although offering promising results, they require the installation of 

CCTV cameras at almost every corner, which is very costly.  

This present work studies and develops methods to classify 

Electrocardiography (ECG) signals, measured from victims, as violent or non-

violent. It characterises physiological response of the victims due to violence 

exposure. Thus, it approaches the problem from the victims’ point of view and 

explores promising algorithms for analysing ultra-short-term ECG signals to 

extract useful features. This is a novel pathway to detecting events involving 

physical violence and one that, so far, has not been reported in the literature. 
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1.1 Motivation 

In 2012, the BulStop project was initiated at the University of Oulu to study school 

bullying and to propose solutions based on information technology and machine 

learning. It started by conducting a survey on school bullying among pupils, 

teachers and parents in Finland, China and Indonesia. A fictional story was prepared 

along with a survey questionnaire based on it. The story was about a boy called Jay, 

who experiences physical school bullying and presented BulStopPhone, a 

smartphone-based application designed to help him.  

In the fictional story, when Jay experiences bullying, BulStopPhone sends a 

text message to specific predefined telephone numbers. Moreover, the application 

records body movements, biosignals and sound to detect whether bullying occurs 

or not. Besides sending a text message alarm, BulStopPhone transmits the phone’s 

location, provided that GPS is enabled. With the help of BulStopPhone, Jay was 

offered immediate assistance, when he got bullied.  

This survey indicated that BulStopPhone could be a potential solution to the 

school bullying problem. Most parents and teachers believed that it would help 

pupils subjected to bullying. This encouraged the team to go further with the 

BulStop project. 

Based on the responses gathered in the survey, an improved system was 

proposed, see Figure 1. It involves bullying event detection using various 

modalities, which were later separated into several sub-projects, including body 

movement, speech and biosignals, forming the core of the BulStopPhone system. 

This makes BulStopPhone a multimodal school bullying detection system. Its 

performance should be assessed based on this configuration. 

 

Fig. 1. Implemented on a smartphone, the BulStop system utilises a multimodal 

approach to detect school bullying using machine-learning algorithms. 
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1.2 Research scope and approach 

According to the United Nations Educational, Scientific, and Cultural Organization 

(UNESCO), there are three types of school violence, presented as a conceptual 

framework of school violence and bullying, see Figure 2. This present study is 

focusing on physical violence and a special attention is given to physical attacks 

and fights. The main goal is making inferences of violent events through 

physiological response of the victims as a result of violence exposure. 

 

Fig. 2. Conceptual framework of school violence and bullying according to UNESCO 

(Under CC BY-SA 3.0 IGO license from UNESCO, 2019 © UNESCO). 

Of the BulStopPhone sub-projects, biosignal analysis homes in on several 

promising biosignals, such as ECG, Electrodermal Activity (EDA) and 

Electroencephalography (EEG). This work explores ECG signals, striving to 

develop algorithms that are general enough to be applicable also outside the school 

violence context, including emotion tracking in affective computing and clinical 

medicine as well as biofeedback techniques in gaming applications. The rest of the 
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modalities, such as body movement based on acceleration and gyroscope sensors, 

speech, and other biosignals, belong to the other sub-projects. 

This work approaches the challenge from two points of view, 1) making 

indirect inferences of violent events via emotion recognition and 2) drawing direct 

inferences in order to classify ECG signals into either violent or non-violent events. 

Emotion recognition is a feasible approach, as psychologists have established that 

various specific emotions are present in situations involving violence and bullying. 

Among these emotions are anger, upset, frustration, vulnerability, depression and 

fear (Ortega et al., 2012) as well as other negative emotions, such as sadness 

(Garner & Hinton, 2010). Other researchers have identified anger, worry, fear, 

shame, sadness, jealousy, guilt, disappointment and disgust (Hunter, Boyle, & 

Warden, 2004). However, there is a fair degree of disagreement among 

psychologists, which makes adopting the indirect approach extra challenging.  

The indirect approach utilizes the Mahnob-HCI database, which contains ultra-

short-term ECG signal samples representing various emotions. As such, this 

database has nothing to do with violent event classification, but since its premise is 

to recognize emotions based on ECG signals, it provides a foundation for the 

indirect approach. 

Currently, no database supports the direct approach. To that end, a new ultra-

short-term ECG signal database was created with groups of pupils simulating 

physical violent acts, physical attacks and fights, in a controlled environment. 

Aiming to study the usefulness of ultra-short-term ECG samples for classifying 

events as violent or non-violent, this thesis centred on determining the sensitivity 

of the applied methods to detecting violent events and associated emotions. 

Systems designed to detect violent events reliably require high sensitivity and 

specificity. However, this can only be achieved after all modalities within the 

BulStopPhone application are integrated. In our study, we focus on high sensitivity 

and leave high specificity to be resolved in the BulStop main project. 

1.3 Research questions and objectives 

The main research question of this work is “is it possible to classify events as 

violent and non-violent by analysing ultra-short-term ECG signal of the victims?” 

From this main research question, the following objectives are set: 

1. To collect a database containing physically violent and non-violent events 

based on simulations. 
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2. To extract powerful features from ultra-short-term ECG signals to discriminate 

between violent and non-violent events via emotion recognition (indirect 

inference approach). 

3. To extract powerful features from ultra-short-term ECG signals to discriminate 

between violent and non-violent events (direct inference approach). 

1.4 Contribution 

ECG signals can be analysed directly or as a series of time lapses between two 

consecutive R-peaks, known as heart rate variability analysis (HRV). Standard 

HRV analysis, although useful and powerful, requires a minimum signal length, 

about five minutes - sometimes even hours - to provide reliable results. Many 

studies suggest that applying standard HRV analysis to ultra-short-term ECG 

signals is possible only when the subjects are in a resting state (Shaffer & Ginsberg, 

2017). This condition cannot be fulfilled here, because our subjects move 

dynamically as they perform their normal daily activities, sometimes even making 

sudden movements. A number of studies related to HRV analysis of ultra-short-

term ECG signals are being conducted using shorter signal lengths (Esco & Flatt, 

2014; Baek, Cho, Cho, & Woo, 2015; Nardelli et al., 2018). Methods for analysing 

ultra-short-term ECG signals would benefit other applications as well, including 

affective computing, clinical medicine, driver awareness and biofeedback in 

computer gaming applications. A new method to analyse ultra-short-term ECG 

signals is the main contribution of this thesis. 

1.5 Structure of the thesis 

This thesis was written as a monograph, but it contains material from previous 

publications by the author. It is structured as follows: Section 1 gives a brief 

introduction for the motivation behind this present study. Section 2 provides a 

literature review, covering event classification, ECG signal detection, feature 

extraction methods and machine learning. Section 3 discusses the database 

developed for this work, while Sections 4 to 7 present experimental results of the 

proposed methods and evaluate their performance in various scenarios. Section 8 

provides a discussion on the results, and Section 9 summarises the main findings. 
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2 Literature review 

2.1 Violent event classification techniques 

Classification is the ordering or arrangement of objects into groups or sets based 

on relationships determined by observable or inferred properties (Jansen & 

Gregorio, 2002). Others define classification as a multiclass categorization problem 

(Baró, Escalera, Vitrià, Pujol, & Radeva, 2009) or a process in which a classifier 

determines which class a sample belongs to (Prabowo & Thelwall, 2009). 

Therefore, event classification is an attempt to arrange or categorize events into 

pre-defined classes or groups using signals measured during those events. These 

signals can be measured from the victim, such as body movements, or from the 

environment, using sound and video, for example. 

Event detection often involves detecting a target event, after its occurrence, 

from a given data sequence (Motoi et al., 2012), or it may be a process of 

identifying significant abnormalities (Harikrishnan & Gopi, 2017) or a combination 

of information retrieval with information extraction (Aggour, Interrante, & Lacomb, 

2006). Event detection differs from event classification in the sense that the former 

is based on continuous data reception, while the latter is not. Moreover, event 

detection requires a process of localization, based on algorithms designed to 

localize input relevant for the classification task at hand.  

In terms of violence, event classification refers to categorizing input signals, 

such as sounds, videos, text and biosignals, into either violent or non-violent events. 

Signals recorded during violent events exhibit different properties from those 

recorded during non-violent events. As a result, they present a pattern recognition 

problem, where the main task of the classifier is to identify which class the recorded 

samples belong to.  

Studies on event classification categorize events on the basis of input signals 

ranging from audio/video to such biosignals as brain signals (EEG) and electrical 

heart activity (ECG). They classify signals measured during a specific event in 

relation to the event itself. For example, classifiers must be able to group ECG 

signals measured during a stimulation where the subjects watch a happy clip to the 

category happy. Similarly, ECG signals indicating a certain level of pain should 

correlate with a corresponding pain level in a thermal test protocol, for example. 

Each modality has its own applications, although there is some overlap. Machine 

hearing (Lyon, 2010) and vision, for example, has been used to classify emotions 
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based on speech (Williams & Stevens, 1972; Moriyama & Ozawa, 1999; Nicholson, 

Takahashi, & Nakatsu, 2000) and facial expressions (Bassili, 1979; Liu & Wang, 

2011). 

Some systems incorporate an event classification application that employs 

biosignals related, for example, to pain (Oresko et al., 2010; Sufi & Khalil, 2011; 

Sufi, Khalil, & Mahmood, 2011; Jang, Park, Park, Kim, & Sohn, 2015), emotion 

(Koelstra et al., 2012; Soleymani, Lichtenauer, Pun, & Pantic, 2012; Guo et al., 

2017) and violent scenes (Fleureau, Penet, Guillotel, & Demarty, 2012; Baltatzis, 

Bintsi, Apostolidis, & Hadjileontiadis, 2017). Such signals have also been applied 

to classify events associated with specific health conditions, including seizures 

(Hubsch et al., 2011; Kaya, Uyar, Tekin, & Yildirim, 2014) and cardiovascular 

disease (Oresko et al., 2010; Sufi & Khalil, 2011; Sufi et al., 2011). 

To recognize physically violent events, researchers use a combination of 

modalities. Systems based on machine hearing and vision may function as outsiders 

or witnesses and report violent events to authorities. To that end, they collect data 

from their surroundings and classify them accordingly. This means that supporting 

equipment, such as CCTV cameras and microphones, must be installed in specific 

areas, the extent of coverage often depending on cost factors. Such systems have 

been utilised in activity analysis to classify recorded actions as violent or non-

violent (Valero & Aliás, 2012; Ribeiro et al., 2016; Ye, Kobayashi, & Murakawa, 

2017; Zhang et al., 2017). 

Being sensitive to motion, accelerometer and gyroscope sensors have been 

applied to identity body movements, providing a good modality to recognising 

physical violence. Ye et al. (2014) used a 3D accelerometer and a 3D gyroscope 

sensor to determine whether such body movements as pushing, hitting, walking and 

running could be categorised as bullying or not. Moreover, Australian researchers 

have studied, if a wristband with an accelerometer could offer protection against 

violent attacks (Keeffe, 2018). Combining motion detection with audio delivers 

better performance than either method separately (Ye et al., 2018) 

A review of 95 studies on how heart rate (HR) and electrodermal activity (EDA) 

correlate with aggression, psychopathy and conduct problems found that both HR 

and EDA are reliable indicators, though, in many cases, only modestly associated 

with each other (Lorber, 2004). Moreover, both HR and EDA showed a higher 

average rate of change when subjects were playing violent video games compared 

to watching others play (Jung, Skoric, Kwon, & Detenber, 2011). These findings 

suggest that both ECG and EDA are suitable biosignals for violent event 

classification. 
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We have found no reports describing the application of ECG-based event 

classification methods to distinguishing between violent and non-violent events. 

However, EDA signals measured from viewers have been used to identify violent 

scenes (Fleureau et al., 2012). By analysing ECG signals measured from victims, 

corresponding events can be classified in real time, especially when the violence 

occurs in a quiet and secluded place. This finding complements the results of 

previous studies on machine hearing and machine vision in surveillance 

applications. 

Using ECG signals to classify events as either violent or non-violent is 

challenging for several reasons. Firstly, ECG signals measured during a violent 

event tend to be corrupted by motion artefacts, which differ from those obtained in 

clinical measurements. The unpredictability of movements renders ordinary filters 

useless. The same is true of adaptive filters, due to difficulties in estimating 

reference signals (Apolinário & Netto, 2009). 

Secondly, other events, such as sports and other exciting activities, may change 

ECG morphology and characteristics. As a result, participation may be classified 

as a violent event. To minimize misclassification, it is essential to apply appropriate 

feature extraction methods to event characterization. 

Thirdly, some actions, for example, pushing from various directions, occur 

very fast, so identification requires methods capable of analysing ECG signals 

lasting just a few seconds. Applying standard HRV analysis to such short signals is 

still wrought with many issues, particularly when the subjects are not in resting 

condition (Shaffer & Ginsberg, 2017). 

2.2 ECG signal and artefact reduction 

ECG or electrocardiogram is a record of heartbeat produced by electrocardiography, 

which measures electrical activity in the heart by placing electrodes on the skin 

(Jevon, 2010). ECG signals consist of a series of a single cardiac cycles (see Figure 

3), namely a PQRST wave, formed by P, QRS and T waves (Ashley & Niebauer, 

2001). Based on measuring length, ECG signals are categorized into 24h, short-

term (~5 minutes) and ultra-short-term (< 5 minutes) signals (Shaffer & Ginsberg, 

2017).  

Figure 3 illustrates an ECG signal and its relation to cardiac contraction (Jevon, 

2010). First, the sinoatrial (SA) node fires an electrical pulse that spreads across 

the atria to the atrioventricular (AV) node, where it initiates atrial depolarization 

and contraction (P wave). Here, the impulse is delayed, allowing the atria to fully 
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contract and eject blood into the ventricles. That delay is represented by the straight 

(isoelectric) line between the end of the P wave and the beginning of the QRS 

complex. The PR interval occurs during atrial depolarization and impulse delay in 

the AV node prior to ventricular depolarization and contraction (QRS complex). 

Finally, the ventricles repolarize and wait for the next pulse (T wave). 

ECG signals are involuntary biosignals controlled by the autonomous nervous 

system (ANS), consisting of the sympathetic, parasympathetic and enteric nervous 

systems (Feher, 2012). Of these, the sympathetic nervous system controls the 

metabolic system and coordinates the body in a life-threatening situation (“fight or 

flight”), while the parasympathetic nervous system restores the metabolic system 

and eliminates waste (“rest and digest”). The enteric nervous system controls the 

intestine and related organs, to the extent that it is generally considered separately 

from the others. 

 

Fig. 3. PQRST wave in the ECG signal (Reprinted public domain figure from Atkielski, 

2007). 

Violence pushes the victims into a “fight or flight” situation, activating the 

sympathetic nervous system, which increases their heartbeat, blood pressure and 

pupil diameter. It also inhibits digestion by decreasing the secretion of digestive 

juices. On the other hand, non-violence restores the body to a “rest and digest” 

condition. Theoretically, this dynamically changing rhythm can be used as an 
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indicator of a violent event, which is, indeed, a widely adopted marker in research 

on affective computing. 

ECG signals are vulnerable to some artefacts due to motion, power line 

interference, muscle tremor, poor contact, system malfunction, etc. These artefacts 

must be removed before further signal processing. Generally, each artefact type 

requires a specific filter, for example, a comb filter is used to handle power line 

interference (Tsai, Chan, Tseng, & Wu, 1994; Prutchi & Norris, 2005). Other 

approaches are also available, including wavelet transform (Nikolaev & Gotchev, 

1998; Nagai, Anzai, & Wang, 2017; Pandit et al., 2017) and adaptive filters 

(Wiklund, Niklasson, & Bjerle, 1991; Kim et al., 2012). 

Motion artefacts pose a fundamental problem for ECG signal measurements. 

Movements change charge distribution at the electrode-skin contact, corrupting the 

measured signals. Generally, there are three ways to deal with motion artefacts in 

ECG: 1) improve hardware by modifying instrumentation to reduce skin-electrode 

contact discontinuity, 2) apply signal processing algorithms directly to the raw 

signal, 3) combine the hardware and software approaches (Kwon, 2013; Lanata, 

Guidi, Baragli, Valenza, & Scilingo, 2015).  

Cleaning the skin and applying gel between electrodes and skin are common 

methods of eliminating charge distribution changes at the electrode-skin contact. 

In some cases, being more adaptable to skin contours, textile-based sensors are used, 

thus reducing charge distribution fluctuations at the contacts. 

Another approach adds an acceleration sensor and uses various signal 

processing algorithms. However, this method increases system cost and complexity, 

as signals from the additional sensor must be synchronized with the ECG. Generally, 

motion artefacts are estimated based on data from the acceleration sensor and then 

subtracted from the measured ECG signal. 

Some attempts have been made to use the acceleration signal as a reference to 

estimate motion artefacts. However, during most of these measurements, the 

subjects were sleeping and their movements were relatively slow (Kishimoto, 

Kutsuna, & Oguri, 2007), or they engaged in periodic movements, such as running 

or walking (Han, Hong, Shin, & Lee, 2009). During normal daily life, children 

move freely, quickly and randomly. These kinds of movements are most likely 

neither slow nor periodic. 

Attempting to remove motion artefacts from equine ECG, Lanata et al. (2015) 

proposed a method known as Stationary Wavelet Motion Artefact Reduction 

(SWMAR). As it is impossible to command a horse to stay still, unless anaesthesia 

is involved, horses were allowed to walk freely in the stall, and the SWMAR 
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method estimated motion artefacts from 3D acceleration signals by applying a 5-

level stationary wavelet transform (SWT). What makes SWT suitable for local 

signal processing analysis is that it can bring to light some otherwise hidden aspects 

of the measurement (Lanata et al., 2015). Thus, SWMAR looks a promising 

candidate to reduce motion artefacts from ECG during violent events. Using N-

level SWT, the signal length must be a multiple of 2N.  

2.3 Feature extraction 

Arguably, the most popular method to analyse ECG signals is standard HRV 

analysis (Malik et al., 1996). Its main weakness is the minimum signal length 

requirement to get reliable results, which is defined as 5 minutes – some 

measurements may even take hours. In response to the high demand for a method 

capable of analysing short-term ECG signals, several algorithms, based on different 

signal processing methods, have been presented recently. Some of these show 

promising results, but, due to practicality concerns, the demand is getting more 

intense to find methods able to analyse ultra-short-term ECG signals (Shaffer & 

Ginsberg, 2017). 

To avoid using HRV analysis, some methods, such as wavelet analysis 

(Tantawi, Revett, Salem, & Tolba, 2015; Goshvarpour, Abbasi, & Goshvarpour, 

2017; Pinto, Cardoso, Lourenço, & Carreiras, 2017;) and the empirical mode 

decomposition-based method (Agrafioti, Hatzinakos, & Anderson, 2012; 

Goshvarpour et al., 2017)  have been proposed with significant results. Wavelet 

analysis provides a more effective time-frequency analysis than the short-time 

Fourier transform (STFT), because it simultaneously elucidates local spectral and 

temporal information from signals (Addison, 2005). Furthermore, wavelet analysis 

allows flexibility in choosing the base signal for decomposition, whereas a Fourier 

analysis only employs sinusoidal signals. Users can even define their mother 

wavelet, if necessary. However, a useful analysis depends on using an appropriate 

mother wavelet and decomposition level, but no one mother wavelet or 

decomposition level is applicable to all problems, which is a major drawback of 

this method. 

2.3.1 Standard HRV analysis 

Heart rate variability (HRV) is a physiological phenomenon, representing 

variations in time intervals between heartbeats (ChuDuc, NguyenPhan, & 
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NguyenViet, 2013) or, more accurately, two consecutive R peaks. These intervals 

create a series that can be used to gain information about a possible cardiac disease 

or the status of ANS, which is of relevance here as ANS activity has a close 

relationship with violence. Common approaches to HRV analysis are non-linear, 

time-domain and frequency-domain analyses. 

Time-domain analysis uses statistical measures as features (Malik et al., 1996; 

Shaffer & Ginsberg, 2017): 

– RMSSD, root mean square of successive NN interval differences, 

– SDNN, standard deviation of NN intervals, 

– SDSD, standard deviation of successive differences between adjacent NN 

intervals, 

– NN50, the number of interval differences of successive NN intervals greater 

than 50 ms, 

– pNN50, the proportion derived by dividing NN50 by the total number of NN 

intervals, 

– NN20, the number of interval differences of successive NN intervals greater 

than 20 ms, 

– pNN20, the proportion derived by dividing NN20 by the total number of NN 

intervals, 

Frequency-domain analysis employs power spectral density on specific bands, i.e., 

very-low-frequency (VLF, up to 0.04 Hz), low-frequency (LF, 0.04–0.15 Hz), and 

high-frequency (HF, 0.15–0.4 Hz) bands. It also includes the ratio of LF-to-HF 

power and total power. Features from the frequency domain can be calculated using 

parametric (autoregressive model) and non-parametric (using FFT) analysis, which 

provide mostly comparable results. 

2.3.2 Bivariate empirical mode decomposition 

Bivariate empirical mode decomposition (BEMD) was derived from empirical 

mode decomposition (EMD) to accommodate complex signal analysis (Rilling, 

Flandrin, Goncalves, & Lilly, 2007). EMD uses the iterative Hilbert-Huang 

Transform as a sifting process to decompose signals into several intrinsic mode 

functions (IMFs), which satisfy the requirements below (Huang et al., 1998): 

1. in the whole data set, the number of extrema and the number of zero crossings 

must either equal or differ at most by one, 
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2. at any point, the mean value of the envelope defined by the local maxima and 

the envelope defined by the local minima is zero. 

This process starts by identifying the local maxima and minima of the signals. By 

connecting them using a cubic spline interpolation, they form a series, creating an 

upper and a lower envelope. Supposing m1 is the mean of these envelopes, 

subtracting m1 from the original signal results in the first component, h1. Ideally, h1 

should be an IMF, but the reality might be different, because overshoot and 

undershoot can generate new extrema and shifts or exaggerate existing ones. As the 

difference between the envelope mean and its true value may exist for non-linear 

data, the result is an asymmetric wave. Therefore, the process starts again from the 

latest result until it fulfils the IMF requirements. This is essentially a sifting process 

designed to eliminate riding waves and make the acquired wave-profiles more 

symmetric. For details of the process, see Huang et al. (1998). Once the set 

conditions are satisfied, the obtained value serves as the first IMF, c1. The second 

IMF starts from the signal residue, r1, calculated by subtracting c1 from the original 

signal. Again, the same procedure is followed until the result meets the IMF 

conditions, so that 

 𝑋 𝑡 ∑ 𝑐 𝑟 . (1) 

BEMD extends the original EMD algorithm by modifying the notion of EMD from 

fast oscillations superimposed on slow oscillations to fast rotations superimposed 

on slower rotations. The envelope is a 3D tube enclosing the signal, which 

represents a highly rotating portion, and the centre of the enclosing tube represents 

the slowly rotating portion. It enables bivariate (complex-valued) time series 

analysis (Rilling et al., 2007) and results in several IMFs and a residue with both 

real and imaginary parts. 

Using the BEMD to analyse ECG requires an additional signal, because ECG 

is not a complex signal. A synthetic ECG signal, synchronized only with the R peak, 

can be generated using a dynamic model (McSharry, Clifford, Tarassenko, & Smith, 

2003) and serves as the imaginary part, with the original signal providing the real 

part (Agrafioti & Hatzinakos, 2011).  

This is the easiest and fastest way to synchronize a synthetic ECG signal to the 

original one, because detecting the other waves in ECG is challenging. There are 

two options (Ferdinando, Seppanen, & Alasaarela, 2016) to do this: 1) generating 

a specific synthetic signal for every single cardiac cycle, and 2) using a fixed 

template for all. The former option requires a longer computation time, because the 
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model generates a one-cycle ECG for every detected PQRST wave, but it 

accommodates the R-to-R variation. The latter option, on the other hand, offers a 

faster process, while introducing a discontinuity problem at the joins between 

templates, caused by R-R variation. Setting the start and end junctions of the 

template close to zero minimizes that discontinuity problem and offers the best 

choice. 

Synchronizing with R peaks only raises a problem concerning incomplete 

PQRST waves at the beginning of a signal. Zero padding up to one sampling period, 

250 Hz, is added at the beginning of the signal and the templates are positioned on 

the basis of the detected R-wave. Later, the first 250 samples are discarded to get 

the original segment. However, when no R peak is detected on the first incomplete 

PQRST, that part is left empty, see Figure 4.  

Features of interest are calculated from the real parts of the first three IMFs, 

because it preserves most of the information in the ECG signal (Karagiannis & 

Constantinou, 2011; Agrafioti et al., 2012). There are several methods of extracting 

features from these IMFs, including instantaneous frequencies and local oscillation 

(Agrafioti et al., 2012) as well as statistical distribution of dominant frequencies 

(Ferdinando et al., 2016). 

2.3.3 Recurrence quantification analysis 

Recurrence quantification analysis (RQA) is a nonlinear data analysis method. It 

quantifies the small-scale structures of recurrence plots, which present the number 

and duration of recurrences in a dynamical system (Marwan, Carmen Romano, 

Thiel, & Kurths, 2007). This method has been widely used in many fields with 

promising results, for example, social studies (Volpe, D’Ausilio, Badino, Camurri, 

& Fadiga, 2016), biosignal analysis (Socha et al., 2016), finance (Strozzi, Zaldívar, 

& Zbilut, 2007), speech analysis (Jackson, Tiede, Riley, & Whalen, 2016), power 

system dynamics (Bhui & Senroy, 2016) and seismic studies (Lin, Zhao, & Wang, 

2015). In relation to cardiac signal analysis, RQA offers a powerful discriminatory 

tool, capable of providing objectivity regarding the degree of determinism 

characterizing systems, state changes, complexity and randomness (Zbilut, 

Thomasson, & Webber, 2002). 
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Fig. 4. A synchronized synthetic ECG signal with the original one, when no R-wave is 

present in the first cardiac cycle. In the absense of an R-wave, the first cardiac cycle is 

left empty.  

RQA analysis starts with signal embedding using Takens’ method (Takens, 1981) 

to add more dimensionality to the signal. The embedding method requires two 

parameters, i.e., dimensionality and delay, to generate a multi-dimensional signal 

from a 1D signal. Given a time-series  and  as a time delay parameter, 

a time-delay embedding signal is the time-series  defined by 

 𝜓 𝑡 𝑓 𝑡 ,𝑓 𝑡 𝜏 , … ,𝑓 𝑡 𝑑 1 𝜏  , (2) 

where  is plotted in a recurrence plot (RP), which are utilized in RQA. Later, 

useful indices, such as recurrence rate (RR), percent determinism (DET), Shannon 

entropy (ENT) and the average length of the diagonal lines (L), are derived and 

used as classifier features. 

tf : 
dt :

)(t
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2.4 Machine learning and pattern recognition 

Although there is no standardized approach to machine learning and pattern 

recognition, most methods follow the same general steps, see Figure 5. Data is 

acquired from experiments and through data collection. Some applications do not 

require data acquisition, since they use data from public databases. Usually, all raw 

data, be they from experiments or public databases, must be prepared to meet the 

requirements of signal analysis; for example, ECG and EEG signals must be free 

from artefacts. Next, features that convey information relating to a specific label or 

class, are calculated, and machine learning algorithms utilise them to solve pattern 

recognition problems. Unfortunately, there are no superior machine learning and 

feature extraction algorithms that are applicable to any application (Wolpert & 

Macready, 2005). Instead, specific applications demand specific algorithms, which 

must be simple, but powerful enough to characterise the problem. 

Since no research exists on violent event classification based on the victims’ 

point of view, this thesis breaks new ground. Any advances here will later be used 

to develop algorithms for the smartphone platform. In this way, the system may 

provide another method of helping victims and can be integrated, for example, into 

a school violence intervention program, such as BulStopPhone. However, 

compared to PCs, smartphones have limited resources in terms of speed, memory, 

battery life and so on, so the algorithms must be kept as simple as possible. 

 

Fig. 5. General approach to the pattern recognition problem (Modified from Ye et al., 

2014). 
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2.4.1 Feature selection 

A full set of features may not offer optimal performance, because it does not 

provide as close a representation of the phenomena of interest as desired. System 

performance may also be degraded by some correlated features. To counter this, the 

feature selection framework must keep relevant features and discard noisy and 

correlated ones. A simple algorithm called sequential forward floating search 

(SFFS) combs through all possible combinations to provide a set of features 

offering best possible performance, solving problems by the “top-down” and 

“bottom-up” methods (Pudil, Novovičová, & Kittler, 1994). Rather than fixed 

dimensionality, as in Plus-l-Minus-r (l-r) (Stearns, 1976), the algorithm employs a 

“floating” value to maintain its flexibility to reselect discarded features and reject 

selected ones. 

SFFS consists of two basic algorithms: sequential forward search (SFS) and 

sequential backward search (SBS) to enable bottom-up and top-down processes. 

Both algorithms work interchangeably, and their performance is evaluated using an 

objective function. It has been confirmed that SFFS yields comparable results to 

the branch and bound method, while offering much faster computation speeds 

(Pudil et al., 1994). The feature selection process is only run during the design 

process. 

2.4.2 Supervised dimensionality reduction 

Dimensionality reduction is the transformation of high-dimensional data into a less 

complex, yet meaningful, representation (Santos & Young, 2005). A highly 

dimensional feature set may degrade the performance of a system, while also 

enhancing its computational load. SFFS, discussed in the previous section, is a type 

of dimensionality reduction method, because it keeps a set of features with high 

discriminant value and discards the rest. There are two approaches to 

dimensionality reduction: 

The first approach is unsupervised dimensionality reduction, which works 

without any label to guide the process. One popular algorithm is principal 

component analysis (PCA) (Jolliffe, 2002), which transforms features to maximize 

the sum square distance between a point and its transformation on projected lines. 

Supervised dimensionality reduction is the other approach, based on labels to 

guide the process. It maps features from a particular label to a new space such that 

their distance is as small as possible, whereas features belonging to different classes 
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are mapped far apart. Sammon’s mapping provides an example of supervised 

dimensionality reduction (Sammon, 1969). As this study does not focus on 

developing and proposing new algorithms, it employs drtoolbox (Van Der Maaten, 

2007), a dimensionality reduction toolbox for Matlab.  

Developed by van der Maaten, drtoolbox consists of several algorithms for 

both unsupervised and supervised methods (Van Der Maaten, 2007). For supervised 

dimensionality reduction, it implements five methods: Neighbourhood 

Components Analysis (NCA), Maximally Collapsing Metric Learning (MCML), 

Generalized Discriminant Analysis (GDA), Linear Discriminant Analysis (LDA), 

and Large Margin Nearest Neighbour (LMNN).  

This work does not use GDA or LMNN for the following reasons. No 

projection matrix is available after the GDA algorithm converges to transform new 

samples into the same space. LMNN, on the other hand, provides a projection 

matrix, but offers no dimensionality reduction. As a result, these methods are not 

suitable when the available set of features has high dimensionality and new samples 

are introduced to the system.  

LDA computes a linear projection xi Ax to maximize the amount of between-

class variance (Cb) relative to the amount of within-class variance (Cw). These 

variances are defined by equations (Sun & Chen, 2011)  

 𝑪 ∑ �⃗� �⃗�  (3) 

and 

 𝑪 ∑ ∑ 𝑥 �⃗� 𝑥 �⃗�∈ , (4) 

where �⃗�  represents the sample mean of the cth class and Ω  the set of indices of 

examples in the cth class. The objective function is defined as 

 max Tr
𝐀 𝐂 𝐀

𝐀 𝐂 𝐀
, subject to 𝐀𝐀 𝐈. (5) 

One constraint of using LDA for supervised dimensionality reduction is that target 

dimensionality should be less than the number of classes. This method is applied 

to spoken emotion recognition (Zhang & Zhao, 2013), EEG-based emotion 

recognition (Valenzi, Islam, Jurica, & Cichocki, 2014) and ECG-based individual 

recognition (Fratini, Sansone, Bifulco, & Cesarelli, 2015). 

Both NCA and MCML employ Mahalanobis distance metric, 

 ‖𝑓 𝑥 𝑓 𝑥 ‖ 𝑥 𝑥 𝑸 𝑥 𝑥 , (6) 
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with Q = ATA is a positive semidefinite (PSD) matrix and A is the projection matrix 

to a certain space. The goal is to find a projection matrix A such that the classifiers 

perform well in the transformed space. 

NCA directly maximizes the stochastic variance of the leave-one-out (LOO) 

kNN score on a training set by finding a projection matrix A without any 

assumption about the shape of class distribution or the boundary between them 

(Goldberger, Roweis, Hinton, & Salakhutdinov, 2005). Since the LOO 

classification error of kNN suffers from discontinuity, a differential cost function 

based on stochastic neighbour assignment in the transformed space was presented 

by  

 𝑝
𝑨𝒙𝒊 𝑨𝒙𝒋

∑ ‖𝑨𝒙𝒊 𝑨𝒙 ‖
,𝑝 0. (7) 

It transforms the distance from point j to a reference point i into the probability 

and inherits a class label from the reference point. Next, NCA searches for A by 

maximizing the objective function 

 𝑓 𝑨 ∑ ∑ 𝑝 ∑ 𝑝∈ . (8) 

As a result, NCA is capable of separating useful information from noise, thus 

reducing dimensionality. Examples of studies using NCA include spoken emotion 

recognition (Zhang & Zhao, 2013), EEG-based Iyashi expression analysis (Romero, 

Diago, Shinoda, & Hagiwara, 2015) and the AffectAura project (McDuff, Karlson, 

Kapoor, Roseway, & Czerwinski, 2012).  

The MCML uses simple geometric intuition to map all points belonging to a 

specific class to a specific location in the transformed space (Globerson & Roweis, 

2005). It uses the conditional probability 

 𝑝𝑨 𝑗|𝑖 𝑝𝑨  (9) 

assigned to each training point over all other points using a softmax function as 

distance measure learning approach. Here, the probability of a point belonging to 

class X, given that the point is in class X, is 1, otherwise it is 0. The main goal is to 

find a projection matrix A so that pA(j|i) is as close as possible to by minimizing 

the Kullback-Leibler divergence between them using 

 𝑓 𝑨 ∑ 𝐾𝐿⌊𝑝 𝑗|𝑖 |𝑝𝑨 𝑗|𝑖 ⌋ (10) 

as an objective function. Zhang and Zhao used MCML for spoken emotion 

recognition (2013) and Romero et al. (2015) for EEG-based Iyashi expression 

analysis. 

ijp

ijp
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Searching for the optimum projection matrix A may be an exhausting process, 

but it only occurs during the design process. Once the optimum projection matrix 

A is found, it can later be used in real applications to transform new samples. An 

advantage of the supervised dimensionality algorithm is that it can use complex 

algorithms. 

2.4.3 Classifiers and validation methods 

Classifiers undoubtedly play an important role in machine learning. Hundreds or 

even thousands of algorithms have been proposed to solve problems in numerous 

applications. In this work, the main criterion behind classifier selection is simple, 

but powerful: each classifier must be simple enough to run in the smartphone 

environment with limited resources yet be sufficiently powerful to perform the 

intended task. 

Some classifiers have smartphone implementations, focusing mostly on 

activity recognition. These include decision tree (Srinivasan & Phan, 2012), 

decision tree and kNN (Lau et al., 2010), kNN and support vector machine (SVM) 

(Su, Tong, & Ji, 2014), Quadratic Discriminant Analysis (Siirtola & Roning, 2013) 

as well as Linear Discriminant Analysis (Khan, Lee, Lee, & Kim, 2010). These 

classifiers are also good candidates for an event classification application. However, 

as there is no review available on their performance in an actual event classification 

application, some preliminary experiments are helpful for deciding their 

applicability. 

Machine learning requires an appropriate validation method to justify the 

results of the supervised learning algorithm. It offers an objective evaluation 

enabling us to generalize the algorithm’s performance on new samples. Since 

supervised learning suffers from overfitting, the validation method can also be 

useful for analyzing this issue. 

A cross-validation method puts aside some of the samples for validation (Stone, 

1976). Among these, the most common method is k-fold cross validation, which 

divides samples into k equal parts. One of them is held out for validation, and the 

others are subject to training and testing. Performance is estimated from all folds 

of the validation. The most extreme form of cross validation is leave-one-out cross 

validation. In this case, one sample is excluded as a validation sample and the rest 

are subject to training and testing. Since the division into k-fold is random, it is 

necessary to resample the division several times to get a better view of classifier 
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performance. The average over the repetition represents the performance of the 

classifiers. 

Another validation method is leave-one-subject-out (LOSO) validation 

(Esterman, Tamber-Rosenau, Chiu, & Yantis, 2010; Lei & Zhang, 2011). It is 

similar to the previous method, except that the excluded samples belong to a 

particular subject. Here, the classifiers have no chance to learn the “structure” 

within the samples as in the k-fold cross validation method, where each division is 

based on label equality so that all divisions have a similar structure. For this reason, 

LOSO may have a higher standard deviation (SD) value and lower accuracy than 

k-fold cross validation. On the other hand, the insights gained allow a better 

estimation of the model’s ability to handle new samples. 

2.5 Conclusion 

Violent events stimulate sympathetic and para-sympathetic systems to modulate 

biosignals, including ECG. Hence, it creates such a pattern that could be used by 

machine learning algorithms for classification purpose. The solution should involve 

pre-processing of raw signals, extracting useful features, selecting features with 

high discriminant value, and applying appropriate machine learning algorithms to 

classify ECG signals to represent violent or non-violent events. 
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3 Database 

3.1 ECG-based emotion recognition database 

The indirect approach adopted in this work recognizes emotions using ECG signals 

to classify those inputs to either violent or non-violent. There are several databases 

for emotion recognition based on biosignals, but they tend not to include ECG 

signals, and none contains associations to physically violent events. However, they 

lend themselves to studying how the proposed methods extract features to 

recognize emotions from ECG signals. This is important, because the indirect 

approach uses recognized emotions as stepping stones to categorizing ECG signals 

into violent or non-violent. The most common biosignals included in the databases 

are EEG, GSR/EDA, HRV, respiration rate and temperature. At the start of this 

work, the only database for emotion recognition that also contained ECG signals 

was the Mahnob-HCI database (Soleymani et al., 2012).  

The Mahnob-HCI database supports multimodal affect recognition by 

providing synchronous measurements (Soleymani et al., 2012) of 

– 32-channel EEG signals (256 Hz), 

– peripheral biosignals (1024 Hz, down-sampled to 256 Hz to save memory, 

containing ECG, temperature, respiration and skin conductance), 

– face and body video using six cameras (60 f/s), 

– eye gaze (60 Hz), 

– audio (44.1 kHz). 

Data were collected from 27 subjects (11 males and 16 females) using the 

International Affective Picture System (IAPS) and clips to stimulate the subjects 

during data collection. For each stimulation, the subjects provided a self-report by 

choosing one of the following emotional labels: neutral, anxiety, amusement, 

sadness, joy, disgust, anger, surprise and fear. Later, these discrete emotions were 

transformed into a 3-class classification of valence and arousal. 

For each session, the raw signal was stored in BDF (bit distribution format), 

while information about the session, such as the response of each subject, 

stimulation file and stimulation label, was in the XML format (extensible mark-up 

language). A 30-second randomly selected neutral clip was shown before and after 

the real stimulation, and synchronization pulses were used to mark the beginning 

and end of each stimulation. 
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Soleymani et al. (2012) provided several baselines for both the unimodal and 

multimodal approach, because there were many possible multimodal combinations. 

At best, they reported an accuracy of 76% and 68% for valence and arousal, 

respectively, fusing EEG and eye gaze (Soleymani et al., 2012). However, no 

baseline was provided for ECG signals in isolation. Standard HRV analysis showed 

a baseline accuracy of only about 46% for valence and arousal using ECG signals 

(Ferdinando, Ye, Seppänen, & Alasaarela, 2014). This result is in agreement with 

that of Soleymani et al. (2002) using all peripheral biosignals. 

3.2 ECG-based event classification database 

There are many public databases that support classifying events into violent or non-

violent using surveillance videos and movie clips, for example, Hockey Fight 

(Bermejo Nievas, Deniz Suarez, Bueno García, & Sukthankar, 2011), CAVIAR 

(Fisher, 2015) and BDVC (Rivera et al., 2017). However, no database for ECG-

based violent event classification was available at the beginning of this work. To 

develop such a database, a simulation had to be designed. The BulStop block 

diagram, shown in Figure 1, served as a general guideline for this process. It 

included: 

– Designing the simulation so that activities within it represent either violent or 

non-violent events, 

– Choosing sensors to measure the signals of interest, such that the subjects are 

free to move normally during the simulation, 

– Other important things related to the simulation, such as supporting equipment 

and safety issues. 

3.2.1 Simulation design 

A key consideration was that the simulation must accommodate activities that lead 

to either violence or non-violence. It was not difficult to design actions to represent 

non-violent activities in our daily lives, for example, walking, running or jumping. 

A bigger problem was to design actions that characterize violence. Two important 

questions that need to be addressed are 

– How to design actions that are representative of violence, while not being 

harmful to the subjects, and without risk of these actions being copied later 

outside the simulation environment? 
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– How many actions should be designed for the simulation? 

It is impossible to design actions that represent all possible forms of violence, 

because these actions evolve dynamically. However, the most important criterion 

was that the actions must be able to induce a victim-like feeling in the subjects.  

They should be actions that are common in daily life, so that no special training is 

needed beforehand. In addition, the actions must not harm any of the subjects. 

Pushing from various directions (front, rear and side), tackling and slamming with 

shoulder (a common violent action in school corridors) are common in daily life 

and last only a very short time. 

Since a proper simulation also needs actions that last longer than a few seconds, 

an emotional and physical game was designed. This activity is called pushing out 

of square where three same-sex subjects play inside a square arena measuring 3-

by-3 meters. Two of them try push the third one out of the square, while the target 

tries to stay inside. For safety reasons, no objects were allowed near the arena to 

avoid injury, in case the target gets pushed too hard. The game ends, when the target 

is out of the arena.  

Another action involves shaking the victim by holding their shoulder and 

shaking them back and forth for several seconds. This is a common way for 

perpetrators to victimize their targets.  

A relaxation session to restore the emotional state of the subjects back to 

normal concludes the simulation. During this session, the subjects lie down on a 

mattress and listen to soft music and a relaxing story designed by the research team. 

The research plan was evaluated and accepted by the Ethical Committee of Human 

Sciences at the University of Oulu. 

3.2.2 Measurement sensors 

Based on the BulStop block diagram in Figure 1, sensors used in the simulation 

must be able to measure body movements, speech and biosignals. A common type 

of body movement sensor is the 3D acceleration sensor, which measures 

acceleration in the sagittal, frontal and transverse plane, see Figure 6. Speech is 

recorded using an ordinary microphone, with the subjects saying neutral sentences 

with some type of emotion. Measuring biosignals from humans is not a major 

problem, as many commercial products are available for that purpose. 

Since the subjects are free to move, recorded signals will contain motion 

artefacts, which must be reduced prior to other signal pre-processing phases. This 
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situation is completely different from clinical measurements, where the subjects 

stay still or keep their movements to a minimum, making the characteristics of 

motion artefacts predictable. In this work, these characteristics are unpredictable. 

 

Fig. 6. Sagittal, frontal and transverse plane of the human body (Under CC BY 3.0 

license from Sato, Hansson, & Coury, 2010). 

To reduce motion artefacts, an algorithm known as SWMAR has been proposed, 

which estimates artefacts using 3D acceleration signals (Lanata et al., 2015). For 

this reason, the sensor used in the simulation must be able to measure both ECG 

and 3D acceleration signals synchronously. Measuring 3D acceleration also 

provides signals which enable identification of body movements, increasing the 

robustness of multimodal event classification. However, this present study focuses 

on ECG signals only, while 3D acceleration signals are studied in another sub-

project within BulStop project. 

Wearable sensors are the most reasonable choice, because they allow the 

subjects to move around freely. It also solves problems related to instrumentation 

cables around the simulation arena. A wearable sensor with a wireless connection 
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is preferred, so that data from each subject can be easily collected by a laptop 

computer. A wearable sensor without a wireless connection would only be 

acceptable, if it provided synchronized timestamps for each measurement and 

saved all data in the module. 

Data were acquired using a commercial chest strap designed for sports 

applications and capable of measuring one channel ECG, HRV, 3D acceleration, 

breathing rate, temperature and posture. However, it was intended for adults only 

and had to be adapted manually for children.  

3.2.3 Supporting equipment and safety issues 

During the simulation, a video camera was placed in a specific spot to capture all 

activities with minimal occlusion. The recorded video was used to study the 

activities later and label the corresponding events as either violent or non-violent. 

ECG signal quality depends on the electrode-skin contact. Therefore, during 

the simulation, this contact had to be monitored carefully and fixed immediately. 

The chest strap had a Bluetooth connection to a computer to instantaneously 

monitor such vital signs as temperature, breathing rate, HRV and HR. Moreover, 

the system also gives a warning sound, whenever it detects a problem in the 

electrode-skin contact, allowing the problem to be fixed immediately. 

For safety reasons, a thin mattress, with a thickness of about 5 cm, was put on 

the floor of the simulation area to avoid injury during physical activities. The 

battling arena was 3-by-3 meters, marked with a 5 cm white tape on the mattress. 

White was selected to provide a good contrast to the mattress. A thicker mattress, 

about 25 cm in thickness, was placed on one side of the simulation area, to provide 

a safety zone for pushed or tackled subjects. Figure 7 shows the floor plan of the 

simulation room. 

Each subject also wore a coloured vest: dark blue, light blue, green, yellow, 

orange or red, with a big number from 1 to 6 for easy identification based on colour 

or number. The vests were light and comfortable enough to allow the subjects free 

mobility.  

Subjects with long hair were required to tie it to avoid possible injury due to 

unintentional pulling and to prevent hair from hiding their number. They also had 

to take off their earrings and necklaces and wear socks to avoid injuries due to hard 

shoes. 
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Fig. 7. Floorplan of the simulation room with mattresses, video camera and laptop. Also 

shown is the area for the pushing out of square game activity (the white square in the 

middle of the green mattress). 

3.2.4 Simulation 

Five schools were involved in the simulation, two from Finland, one from 

Indonesia and two from China. In each school, there were two simulations 

involving two different grades, adding up to a total of ten simulations. 

Unfortunately, simulation data from Finland and Indonesia proved useless, because 

the signals were corrupted due to electrode-skin contact problems. Nonetheless, 

they provided valuable experience for further improving the simulations. These 

preliminary simulations were used to optimise the measurement, before the real 

simulations. The acquired experiences highlighted several considerations: 

– The chest strap had to be adjusted manually, because a chest strap for children 

was not available. This adjustment had to consider the position of the 

electrodes on the body carefully. Another important aspect concerned the 
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tightness of the strap on the body as it affects signal quality and the 

convenience of the children wearing them. 

– Time synchronization was essential to synchronize the measured signals with 

the recorded video. 

– It was important for each subject to wear a colourful vest with a different 

number. Before employing this vest, the children were identified by their 

clothing. This is not a problem in Finland, but pupils in Indonesia wear 

uniforms at school. Even in Finland, it sometimes proved difficult to use the 

colour of clothes to identify subjects, as many wore similar colours. 

– Simulations in Finland were recorded by a bird’s eye view camera that could 

be used to view all simulations from various angles. However, simulations in 

Indonesia used a handy cam that had to be placed in a certain spot. Evaluating 

initial simulation data from Indonesia, enabled us to determine the best camera 

position for later simulations. 

Simulations in one of the schools in China also turned out to be unusable, because 

the timestamps were somehow corrupted, although they had been properly 

synchronized before the measurements. Thus, it was impossible to synchronize the 

measured signals with the recorded video. As it is, this work only utilises data 

acquired from simulations in one Chinese school. 

Simulations conducted at Youxie Second School in Harbin, China, involved 

twelve healthy pupils in 2nd and 5th grade, six pupils from each grade, with each 

grade forming a separate group (Ferdinando, Ye, et al., 2017). All subjects wore a 

chest strap and a coloured vest with a number. 

A trade-off between pupil convenience and ECG signal quality was the main 

issue in terms of instrumentation. A tight chest strap ensures good signal quality 

but is not convenient to wear. Finding an appropriate trade-off was not easy, 

because convenience is a subjective experience and varies from one individual to 

another. 

Another problem in chest strap instrumentation involved strap size. The chest 

strap was designed for adults. So, the straps were shortened manually by folding 

and then secured using a strong tape, while ensuring that the electrode is in the right 

position on the body. This introduced another convenience issue, because 

sometimes the folded strap hampered movement. 

At the start of the simulation, a feeling meter, see Appendix 1, was distributed 

to each subject. It contained three questions related to how they felt based on the 

valence, arousal and dominance (VAD) measure, from one to nine. Since these 
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quantities are quite abstract for the children, some common words were provided 

describing these measures. Another way to help them assess their emotions 

involved providing a Self-Assessment Manikin (SAM) (Bradley & Lang, 1994) for 

each scale number. The first assessment was to measure the degree of VAD right 

before the simulation. The feeling meter was provided in the mother tongue of the 

pupils. 

The first activity was verbal insulting, where five pupils were screaming while 

walking toward one of the subjects (the victim). This activity was repeated several 

times for each subject. Using specific words was avoided, because it was difficult 

to choose appropriate words and there was no intention to teach the pupils the use 

of inappropriate words. Although these data were not used in this work, they were 

utilized in another part of the BulStop project. This activity also prepared the 

subjects emotionally for later violent activities. 

This was done in the next session using physically harmful action through a 

physical game conducted in a 3-by-3 meter arena. Three pupils, of the same sex, 

played a game called pushing out of square. They exchanged roles and played this 

game several times. Completing the second feeling meter to monitor the pupils’ 

emotions at this point closed this session.  

Various daily life activities and actions, such as pushing, slamming with 

shoulder, tackling, walking, running, jumping and playing, followed the second 

feeling meter. For pushing and tackling, a thick mattress was laid out for safety 

reasons, see Figure 7.  

An appropriate relaxation phase was needed to restore the emotional state of 

the subjects. They were asked to lie down on the mattresses, while closing their 

eyes and listening to soft peaceful music and a relaxing story. A third feeling meter 

was distributed to conclude the whole simulation. All subjects were then involved 

in a small discussion around the simulations, for example, how they felt during the 

simulation, what actions made them feel like victims, and so on. Each grade 

required about 1.5 hours for the simulation, not including preparation time and the 

discussion afterwards. Preparation time varied due to various problems with chest 

strap instrumentation. 

During the simulations, all pupils wore a Zephyr Bioharness 2, connected to a 

computer via Bluetooth. This setup allowed us to monitor the pupils’ condition 

based on HR, HRV and body temperature. The software also monitored the quality 

of the electrode-skin contact and triggered an alarm when the quality was below 

par. As the simulations in Finland and Indonesia had no such facility, signal quality 
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was very poor. Having received an alarm sound, the researchers fixed the chest 

strap on the pupil in question. 

3.2.5 Data processing 

Manual synchronization between video and measured ECG/3D acceleration signals 

was a challenging task. The smallest synchronization resolution turned out to be 

one second, due to the limitations of human visual and auditory capacities. Further, 

this had an impact on manual observations to mark violent events based on the 

video.  

Manual video annotation was needed to put either violent or non-violent event 

labels on the data. There were two videos, about 1.5 hours each, which had to be 

annotated. Video annotation involved observing only the victim and timing each 

violent event.   

Pushing, tackling and slamming with shoulder are actions that last a very short 

time. Determining the exact time and duration of these events was almost 

impossible. To solve this problem, one second around each of these actions was 

considered a violent event. These marks were used later to put labels on the 

continuous signals, before the segmentation process. Observing twelve subjects 

was a costly activity. 

Each wearable sensor stored signals with their timestamps separately for each 

ECG and 3D acceleration signal, sampled at 250 Hz and 100 Hz, respectively. 3D 

acceleration signals were up-sampled to 250 Hz using linear interpolation (Lanata 

et al., 2015), because the motion artefact reduction algorithm requires 3D 

acceleration signals. In addition, 3D acceleration signals enabled event 

classification based on body movement recognition, providing another modality for 

other sub-projects within BulStop project. 

3.3 Conclusion 

Our two different approaches, indirect and direct, require different databases for 

training the models. The indirect approach, which uses recognized emotion as a 

stepping-stone to classify ECG to represent either violent or non-violent event, 

requires an affect recognition database. At the beginning of the present study, the 

only database involving ECG signals for affect recognition was the Mahnob-HCI 

database, which was therefore chosen for our study. However, database for the 

direct approach was not available yet. For this reason, simulation was designed by 
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considering various factors including sensors, supporting equipment, and safety 

issues. The most challenging part of the simulation is designing actions and 

activities that resemble violence. They must be able to induce victimised feelings 

to the victims very well. Another challenging part is defining the exact time of the 

violence while manual synchronisation between video and measured signals was 

applied. 
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4 Analysis of ultra-short-term ECG signals for 
emotion recognition 

4.1 Data preparation 

To retrieve data from the Mahnob-HCI database, the following procedures were 

used: first, session ID range was selected to cover the entire range with Emotion 

Elicitation set to “Experiment Type” and both Stimulated and Complete fields 

ticked as “YES”. This setting resulted in 565 sessions. Soleymani et al. (2012) 

wrote that subjects 9, 12 and 15 were excluded from the set due to technical 

problems during the experiments leading to unfinished data collection. Data from 

session #1984 was discarded, because its duration was zero. All these exclusions 

reduced the session count to 513. These session data can be downloaded directly 

from the Mahnob-HCI database collection with the name Selection of Emotion 

Elicitation. Figure 8 summarises this procedure. 

 

Fig. 8. Procedure to select the used Emotion Elicitation collection. 

4.2 Signal pre-processing 

Processing data from the Mahnob-HCI database was started by reading BDF and 

XML files to obtain raw signals and session labelling them. Some artefacts had to 

be eliminated from the ECG signals, so a notch filter was used to remove power 

line interference at 60 Hz, a low-pass filter at 200 Hz to remove high frequency 

noise and a high-pass filter at 0.4 Hz to remove signals with baseline wandering 
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(Ferdinando et al., 2014). Using a synchronization pulse, a baseline signal (30 

seconds before and after the simulation) was separated from the stimulated signal.  

Visual inspection of all samples revealed that the ECG signal from session 

#2508 was corrupted, making it impossible to recognize PQRST waves. Thus, the 

number of samples remaining for further processing was 512. Sample lengths 

varied from 35 seconds to 117 seconds and, being shorter than five minutes, they 

are categorised as ultra-short-term ECG signals. 

From the XML files, a discrete emotional label was read for the corresponding 

ECG signal. Using discrete emotions was more intuitive for the subjects, since they 

correspond to common terminology in everyday life. Further, each discrete 

emotional label was transformed into a 2-dimensional emotion (valence and arousal) 

using a table provided by Soleymani et al. (2012). Thus, each ECG signal carried 

both valence and arousal labels. 

4.3 Feature extraction and selection 

Four sets of features were calculated using various methods: 

1. HRV-based features, suggested by Soleymany et al. (2012), used standard HRV 

analysis: RMSSD, SDSD, SDNN, NN50, NN20, pNN50, pNN20, pVLF, pLF, 

pHF, total power, ratio of HF to LF, Poincaré analysis (SD1 and SD2); later, 

they were normalized to [-1,1] (Ferdinando et al., 2014). 

2. EMD-HHT-based features were the statistical distribution of instantaneous 

frequencies estimated using the Hilbert-Huang Transform (HHT) from IMFs 

after applying EMD to ECG signals (Ferdinando et al., 2016). 

3. BEMD-HHT-based features were the statistical distribution of instantaneous 

frequencies estimated using the Hilbert-Huang Transform (HHT) from IMFs 

after applying BEMD to ECG signals (Ferdinando et al., 2016). 

4. BEMD-spectrogram-based features were the statistical distribution of 

dominant frequencies estimated using spectrogram analysis to IMFs after 

applying BEMD to ECG signals (Ferdinando et al., 2016). 

Signal length determines the number of IMFs after EMD and BEMD analysis. 

However, ECG signals in the Mahnob-HCI database are of varying lengths. This 

made it necessary to analyse each signal in 5-second segments before the 

calculation of dominant frequencies (DFs) or instantaneous frequencies (IFs). 

Figure 9 presents typical IMFs after applying EMD/BEMD to ECG signals. Further, 

the DFs or IFs from the same ECG signal were joined to represent either the DFs 
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or IFs of that ECG signal, and they were subject to statistical distribution 

calculation. Figure 10 shows a block diagram of the system. 

 

Fig. 9. Typical IMF signals after applying EMD/BEMD analysis to ECG signals. 
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Fig. 10. Signal processing block diagram for ECG-based emotion recognition using 

EMD/BEMD analysis. BEMD analysis is only enabled for the imaginary part of ECG 

signals. Here, a 5 s segment of an ECG signal undergoes either BEMD or EMD analysis, 

before estimation of its dominant or instantaneous frequencies. Further, the DFs or IFs 

of the same ECG signal were joined to represent either its DFs or IFs (Modified from 

Ferdinando et al. 2016). 

The first three IMFs were subject to spectrogram and Hilbert-Huang Transform 

(HHT) analyses to estimate both dominant (DFs) and instantaneous frequencies 

(IFs), respectively. In this work, DFs are defined as frequencies with the highest 

energy. Spectrogram analysis uses the short-time Fourier transform to calculate the 

power spectral densities of samples within a pre-defined window. This window is 

then shifted to calculate the power spectral density of samples occupied by that new 

window. An overlap occurs when a window is shifted less than its width, and it is 

this overlap that determines the detail level of the analysis. Thus, spectrogram 

analysis requires setting window width and overlap parameters. Within each 

window, three frequencies with the highest energy level were identified from the 

first IMF, two from the second IMF, and one from the third IMF. Therefore, six DFs 

were collected from each ECG sample. This process continued for the whole input 

signal series. DFs were fluctuated in accordance with the frequency content of the 

window. 

In the experiments, we used window sizes of 30, 50, 100, 150, 200, 250 and 

300 samples with an overlap range from 10% to 90%, with 10% steps. These values 

were determined arbitrarily from several preliminary experiments, which 

demonstrated that window sizes larger than 300 samples delivered poor 

performance. 
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IFs were calculated using the Hilbert-Huang Transform, formulated as 

Equation (11) (Agrafioti et al., 2012) 

 𝑧 𝑡 𝑑 𝑡 𝑗𝐻 𝑑 𝑡 𝑦 𝑡 𝑒 , (11a) 

where IF can be computed by equation 

 IF . (11b) 

Features for ECG-based emotion recognition were the statistical distribution (mean, 

SD, median, Q1, Q3, IQR, skewness, kurtosis, percentile 2.5, percentile 10, 

percentile 90, percentile 97.5, maximum and minimum) of DFs and for IFs also 

their first differences. 

HRV-based features utilised one-way ANOVA with p-value = 0.05 to select 

features with good discriminant ability as suggested by Soleymani et al. (2012). It 

reduced the dimensionality of the features to two for valence and six for arousal.  

The one-way ANOVA reveals selected features’ individual contributions to the 

performance of the system, but not their combined effect. For this reason, a feature 

selection method based on SFFS was also employed. It evaluates how a group of 

selected features contributes to system performance. However, the use of SFFS is 

computationally expensive, if applied to high dimensional features with a large 

number of samples. For BEMD-spectrogram-based features, each set of 63 

parameter combinations underwent SFFS for classification into valence and arousal 

space, though it proved to be a costly procedure in terms of computation. 

4.4 ECG-based emotion recognition results 

Figure 11 summarizes accuracies for valence and arousal recognition using 10-fold 

cross validation and LOSO validation with the k-nearest neighbours (kNN) 

classifier, except for HRV-based features, which used one-way anova with SVM. 

Ferdinando et al. (2014) only validated the results using 10-fold cross validation, 

leaving empty bars for HRV-based features in LOSO validation. For BEMD-

spectrogram-based features, best performance was selected from among the 63 

sub-sets.  

BEMD-spectrogram-based feature significantly outperformed the other 

features, providing new baselines for ECG-based emotion recognition using the 

Mahnob-HCI database. It indicated that, for ECG signals, combining BEMD with 

spectrogram analysis offers better feature representation than any of the other 

methods presented.  
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Fig. 11. Summary showing the performance of the various feature sets used to 

recognize valence and arousal. As seen, BEMD-spectrogram-based features 

outperformed all other sets, providing new baselines for ECG-based emotion 

recognition in the Mahnob-HCI database (Ferdinando et al., 2014, 2016). 

Surprisingly, the performance of HRV-based features with SFFS as feature 

selection method significantly outperformed both EMD-HHT-based and BEMD-

HHT-based features, except for valence in 10-fold cross validation. HRV analysis 

is not considered suitable for ECG signals in the Mahnob-HCI database due to its 

signal length requirement, but the results in Figure 11 are thought provoking. 

However, this finding requires further validation before more comprehensive 

conclusions can be drawn.  

Both EMD-HHT-based and BEMD-HHT-based features delivered similar 

performance for both valence and arousal as HRV-based features using 10-fold 

cross validation. Being less costly in terms of computation time, HRV-based 

features are preferred. 



55 

 Table 1 summarizes results from both validations for BEMD-spectrogram-

based features. The confusion matrices, analysed on the basis of the diagram 

presented in Figure 12, show that kNN tended to classify all samples at a low 

valence and arousal level. LOSO validation cannot avoid a high degree of variation 

in the repetition, represented by the SD value, because the kNN algorithm keeps 

receiving new samples. Surprisingly, kNN classified almost half the samples as 

indicating a medium to low arousal level. 

 

Fig. 12. A confusion matrix of a 3-class classification problem. 

Table 1. Detailed results of BEMD-spectrogram-based features based on 10-fold cross 

validation and LOSO validation. The kNN algorithm tended to classify all samples to a 

low level of valence and arousal (Ferdinando et al. 2016). 

Parameter 
10-fold cross validation  LOSO validation 

Valence Arousal  Valence Arousal 

Accuracy 55.8 ± 7.3 59.7 ± 7.0  59.2 ± 11.4 58.7 ± 9.1 

Confusion 

matrix 

0.766 0.139 0.095
0.388 0.447 0.165
0.379 0.185 0.436

 
0.732 0.179 0.089
0.445 0.461 0.094
0.299 0.138 0.563

 
 0.816 0.110 0.074

0.356 0.462 0.182
0.374 0.190 0.436

 
0.759 0.183 0.058
0.486 0.436 0.078
0.404 0.119 0.477

 

Window 

size 
150 samples 250 sample  150 samples 250 samples 

Overlap 30% 30%  30% 30% 

Another surprising result was that both valence and arousal had specific parameter 

combinations to achieve best performance in both validation methods. It might 

indicate that spectrogram analysis characterises them differently. Perhaps it also 
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means that general models may actually be developed for ECG-based emotion 

recognition using the Mahnob-HCI database for valence and arousal. However, 

more experiments are needed to draw meaningful conclusions about this finding. 

At any rate, these promising results opened a new way of analysing ultra-short-

term ECG signals, when standard HRV analysis is not applicable.  

The main drawback of using BEMD-spectrogram-based features was 

excessive computation time during the training phase. Determining the optimum 

combination of window size and overlap parameters takes a lot of effort and 

depends entirely on the problem. This motivated us to seek methods able to identify 

the optimum parameter combination from raw data. Searching through 

experimental data, looking for an optimum combination, was computationally 

expensive. 

The proposed method may enable the design of an emotion tracking system 

using ultra-short-term ECG signals. Such a system could be useful for psychiatrists 

needing to monitor the emotions of patients undergoing a specific treatment. It 

would also allow them to evaluate the dynamics of emotional changes in certain 

subjects. An emotion tracking system would also be effective in preventing smart 

car accidents caused by the emotional state of the driver. A biofeedback technique 

for a computer gaming application could take advantage of this finding as well. 

4.5 Conclusion 

Several methods to extract features from ECG signals were experimented in this 

section. Although the classic HRV analysis is not recommended for ECG samples 

in the Mahnob-HCI database due to ECG sample length requirement, it was still 

worth to try and compare its performance with the other methods. Other methods 

involved EMD and BEMD analysis, combined with HHT and spectrogram analysis. 

Spectrogram analysis requires two parameters, i.e., window width and overlap; 

therefore, there were several sets of features from this method, in which the best 

performance was chosen among them. Among these methods, BEMD-

spectrogram-based features significantly outperformed the others per 10-fold cross 

validation and LOSO validation to solve 3-class classification problem. This 

experiment also revealed that spectrogram analysis characterised valence and 

arousal differently. Both valence and arousal had specific parameter combinations 

to achieve best performance in both validation methods. Since ECG sample length 

in the Mahnob-HCI database is less than 2 minutes, BEMD-spectrogram-based 

feature set is promising for analysing ultra-short-term ECG signals in emotion 
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tracking systems. Such systems could be useful, for example, for psychiatrists who 

want to monitor emotions of subjects during certain treatment, smart cars to prevent 

accidents caused by the emotional state of the driver, and as biofeedback for 

computer gaming applications. 
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5 ECG-based violent event classification 

This section is devoted to the first experiment on ECG-based violent event 

classification. Features were extracted from ECG signals using BEMD with 

spectrogram analysis, which showed promising results for ECG-based emotion 

recognition in the Mahnob-HCI database. In addition to this method, Recurrence 

Quantification Analysis (RQA) was used, because it provides good information 

even for short non-stationary and non-linear signals (Murali, Chitra, Manigandan, 

& Sharanya, 2016). RQA has also shown promising results in ECG signal analysis, 

including P-P interval measurements in post-infarction patients using ambulatory 

ECG (Balogh et al., 2012), myocardial infarction (MI) detection using 38-second 

to 104-second ECG signals from the PhysioNet Physikalisch-Technische 

Bundesanstalt database (Yang, 2011) and the non-invasive study of functional and 

structural changes in pulse data using 60-second ECG signals (Guo, Wang, Yan, & 

Yan, 2012).  

Guiding the experiments were the following questions: 1) is it possible to 

classify events as violent using ECG signals; and 2) which method, BEMD or RQA, 

is more suitable to extracting features for this classification. These experiments 

were conducted in three scenarios: subject-dependent, subject-independent, and 

subject specific scenarios. The first scenario evaluated how the model was built by 

determining how the extracted features behaved against random hold-out samples. 

This experiment was validated by 10-fold cross validation. The second scenario 

assessed how the model performed against new samples, meaning that the model 

is built without any contribution from hold-out samples. This experiment was 

validated using LOSO validation. The last scenario optimised all parameter specific 

for each subject. 

The experiments also served as a tool to evaluate the data collected during 

simulations. Moreover, they provided feedback on how to improve and enhance 

future simulations. Figure 13 gives an overview of the whole system with an 

emphasis on reducing motion artefacts. We approached the process as a standard 

pattern recognition problem with feature extraction, feature selection and 

classification.  
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5.1 Pre-processing of ECG signals  

Continuous signals were cut using marked time stamps based on manual video 

annotation. However, the length of ECG signals varied from 1 second to several 

minutes and determined the number of IMFs in BEMD analysis.  

 

Fig. 13. Block diagram of the system, showing how signals were collected and passed 

on to several processes. Each pupil wore a wearable sensor capable of measuring ECG 

and 3D acceleration signals. As the block diagram shows, motion artefact reduction is 

central to performance, but also other artefacts, such as power line interference and 

high-frequency noise, are addressed (Modified from Ferdinando, Ye et al., 2017). 

As suggested by Ferdinando et al. (2016), getting 5 IMFs requires about five 

seconds of recorded ECG data (meaning 1250 samples at 250 Hz). The motion 

artefact reduction algorithm employed the stationary wavelet transform, where the 

signal length must be a multiple of 2N and the decomposition level is 5 (Lanata et 

al., 2015). Thus, the minimum length of the signal must be 1280 (40x32) or 5.12 

seconds. Therefore, longer signals were cut to six seconds (1500 samples), while 

shorter signals were extended to six seconds by including the following samples. 
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This was done for ECG signals measured during pushing, tackling and slamming 

with shoulder. Having completed this process, we had a collection of 6-second 

ECG signals labelled either violent or non-violent. 

Visual inspection based on the visibility of R peaks identified too many 

corrupted signals, indicating that ECG signals from three subjects were completely 

useless. This was most likely due to electrode-skin contact problems, with the 

subjects moving freely. In all probability, the chest strap was a bit loose, when the 

subjects performed violent actions, but still sufficiently well attached not to set off 

an alarm. The same thing occurred with jumping, running and playing. 

Moreover, only a few samples measured from the other subjects during violent 

events were useful, raising a class imbalance issue for classification. To balance the 

situation, some samples belonging to a non-violent event were discarded randomly. 

Finally, there were 119 samples from 2nd grade pupils and 191 samples from 5th 

grade pupils. General signal pre-processing phases were applied to each segment, 

such as low-pass filtering at 20 Hz to reduce high frequency noise and notch 

filtering to remove power line interference. Motion artefact reduction using 

SWMAR was applied at the last stage. 

Figure 14 (top) presents six-second ECG signals after all signal pre-processing, 

except SWMAR. In Figure 14 (middle), a visible baseline wander-like signal shows 

that reducing motion artefacts by SWMAR was not always successful. 

Consequently, a 30th-order moving average filter was applied to the data 

(Ferdinando, Ye, et al., 2017), see Figure 14 (bottom).  

5.2 Feature extraction and selection 

5.2.1 BEMD-spectrogram-based features 

Six-second ECG samples were shortened to 5.12 seconds (1280 samples) after 

applying SWMAR to reduce motion artefacts. For each ECG sample, R-peaks were 

detected using Pan-Tompkins methods (Pan & Tompkins, 1985) and these R-peaks 

were used to synchronize synthetic ECG signals. Real ECG signals served as the 

real signal, while synthetic ECG provided the imaginary signal. This process was 

similar to the ECG-based emotion recognition experiment (Ferdinando et al., 2016).  
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Fig. 14. Applying SWMAR only to ECG signals did not reduce motion artefacts, as 

indicated by the visible baseline wander-like signal (see middle plot). To eliminate that 

signal, a moving average filter was used (see bottom plot) (Reprinted [adapted] with 

permission from Ferdinando, Ye, et al., 2017 © 2017 JPRR). 

The BEMD algorithm produced 5–6 IMFs, from which six DFs were estimated 

from the first three IMFs using spectrogram analysis with a pre-defined window 

size (50, 100, 150 and 200 samples) and overlap (10–90% with 10% steps) 

parameters. Preliminary experiments revealed that window sizes larger than 200 

samples resulted in poor performance. A large window size provides good 

frequency resolution, but bad time localisation. The overlap parameter determines 

the detail-level of spectrogram analysis. There is no simple way to choose an 

optimum parameter combination, it depends entirely on the problem at hand. This 

study used 36 sets of DFs for further processing. 

Statistical distribution of these DFs and their first difference served as features, 

resulting in 168 features for each set. They were standardized using mean and SD 

values and will be referred to later in conjunction with BEMD-spectrogram-based 
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features. Technical details concerning the BEMD algorithm and statistical 

distribution as features can be found in Section 2.3.2 and 4.3. 

5.2.2 RQA-based features 

RQA started with signal embedding by Takens’ method (Takens, 1981), requiring 

two parameters: m (dimensionality) and d (delay). Preliminary experiments 

indicated that, for high performance, the dimension should be less than or equal to 

ten. The other parameter, however, had only a small effect, and the search was 

limited from 5 to 25 with 5 steps, providing 45 parameter combinations for RQA. 

Similar to BEMD-spectrogram-based features, an optimum combination of these 

parameters cannot be determined heuristically. Therefore, each parameter 

combination must be evaluated to establish which one produces best performance. 

Some useful indices, i.e., recurrence rate (RR), percent determinism (DET), 

Shannon entropy (ENT) and average length of diagonal lines (L), were derived 

(Ouyang, Li, Dang, & Richards, 2008) and used as features for the classifiers. They 

will be referred to as RQA-based features and were standardized using mean and 

SD values. 

5.2.3 Feature selection 

The SFFS method was employed to select a new set of features with a high 

discriminant value and to remove correlated and noisy features that may degrade 

system performance. Since both BEMD-spectrogram-based features and RQA-

based features produced a feature set for each parameter combination, the SFFS 

algorithm was applied to each of them, making this process time consuming. 

However, SFFS is an offline process and does not influence computation time in 

an online system. 

5.3 Classifier and validation methods 

So far, no reference has been made to appropriate classifiers capable of solving the 

ECG-based event classification problem. In the BulStop project, any classifier must 

be sufficiently simple and light for a smartphone platform. Consequently, some 

classifiers were good candidates as they had been implemented on a smartphone 

and delivered promising performance for activity recognition application. These 

classifiers include decision tree (Srinivasan & Phan, 2012), linear discriminant 
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analysis (LDA) (Khan et al., 2010), quadratic discriminant analysis (QDA) (Siirtola 

& Roning, 2013), SVM and kNN (Su et al., 2014).  

Using Classification Learner App in Matlab™, a preliminary evaluation of 

these classifiers was conducted with default parameters to assess their performance 

using 10-fold cross validation, see Table 2. It is apparent that kNN offers the best 

performance, showing good consistency, as indicated by the SD value. Based on 

the results depicted in Table 2, kNN was chosen as the classifier for the experiments 

described in this section.  

Three experimental scenarios were conducted at this stage. Firstly, a subject-

dependent scenario based on 10-fold cross validation. It was repeated 100 times 

with new resampling for each repetition. Secondly, a subject-independent scenario 

based on LOSO validation was carried out to evaluate how the model behaves when 

new samples are introduced. Thirdly, a subject-specific scenario was conducted by 

optimizing all parameters specifically for each subject, instead of for all subjects as 

in the other scenarios. 

Table 2. Preliminary experimental results with default parameters using Classification 

Learner App on data obtained from 2nd and 5th grade pupils to evaluate several 

classifiers implemented on a smartphone. As seen, kNN deliveres the best result. 

Grade Decision Tree LDA QDA SVM kNN 

2nd Best = 66.4% 

55.0 ± 5.7 

Best = 68.1% 

57.8 ± 5.2 

Best = 65.5% 

55.1 ± 4.9 

Best = 74.8% 

65.2 ± 5.9 

Best = 89.5% 

82.7 ± 4.1 

5th Best = 72.3% 

60.6 ± 4.1 

Best = 73.8% 

66.4 ± 3.6 

Best = 72.7% 

66.7 ± 3.0 

Best = 77.0% 

71.9 ± 3.3 

Best = 83.1% 

83.1 ± 3.2 

5.4 Results 

5.4.1 Subject-dependent scenario 

Table 3 shows all accuracies for 2nd grade pupils at various window size and 

overlap combinations. All accuracies were significantly above the chance level, i.e., 

50%, with minimum and maximum accuracies of 76% and 89%, respectively. Since 

it was difficult to choose the best performance from among the results, the 

repetition rate for 10-fold cross validation was increased from 100 to 1000 to get 

approximated true accuracies based on the Law of Large Numbers (LLN). The 

same process was applied to experimental data obtained from 5th grade pupils and 

a combination of the two grades.  
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Table 3. Accuracies (%) for 2nd grade based on 10-fold cross validation with various window 

size and overlap parameters in a spectrogram analysis using BEMD-spectrogram-based 

features (Reprinted with permission from Ferdinando, Ye, et al., 2017 © 2017 JPRR). 

Overlap (%) 
Window size (samples) 

50 100 150 200 

10 85.4 ± 7.9 77.6 ± 8.6 79.6 ± 8.3 76.4 ± 8.5 

20 83.2 ± 7.0 87.4 ± 7.6 81.3 ± 7.6 80.9 ± 8.6 

30 84.9 ± 7.4 84.8 ± 7.4 82.7 ± 6.6 79.5 ± 8.2 

40 80.9 ± 8.3 80.3 ± 7.0 81.0 ± 7.3 75.9 ± 9.4 

50 88.1 ± 6.6 84.6 ± 6.8 84.1 ± 6.6  78.4 ± 7.9 

60 84.7 ± 7.6 84.6 ± 7.4 82.2 ± 7.5 83.3 ± 7.7 

70 83.4 ± 7.4 86.8 ± 7.7 82.8 ± 7.5 85.9 ± 5.9 

80 87.3 ± 6.5 83.3 ± 7.6 89.4 ± 6.9 78.7 ± 8.9 

90 87.0 ± 7.6 84.8 ± 7.1 86.3 ± 6.5 82.3 ± 8.6 

Table 4 summarizes the best results using BEMD-spectrogram-based features in 

10-fold cross validation based on the performance of all parameter combinations 

for each grade. For the 2nd grade, performance ranged from 76% to 88%, with the 

best achievement presented. However, different parameter combinations were used 

in optimum DF estimation for each group (2nd, 5th and combined grade). As a 

result, there is no common parameter combination for best performance. 

Table 4. Performance using BEMD-spectrogram-based features with 10-fold cross 

validation for the different experimental groups, presented with the optimum parameter 

combination (Reprinted [adapted] with permission from Ferdinando, Ye et al. 2017 © 

2017 JPRR). 

Parameter 2nd grade  5th grade  Combined 2nd and 5th grade 

Window size (samples) 150 100 150 

Overlap (%) 80 90 90 

Accuracy (%) 88.0 ± 6.8 87.3 ± 5.5 82.2 ± 8.2 

Confusion matrix 0.864 0.136
0.111 0.889

 0.888 0.112
0.142 0.858

 0.856 0.144
0.209 0.791

 

From confusion matrices based on Figure 15, it became apparent that the system 

misclassified 11–14% of ECG samples measured during violent events and 11–21% 

of ECG samples measured during other events, representing FN and FP rates, 

respectively. For a 2-class problem, the achieved accuracies were not satisfactory, 

although they indicated that ECG signals do provide important properties for 

violent event classification. 
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Fig. 15. A conventional diagram to read a confusion matrix of a 2-class classification 

problem. 

Table 5. Accuracies (%) for 2nd grade in the subject-dependent scenario with 10-fold 

cross validation on various delay and dimensionality values using RQA-based features 

(Reprinted with permission from Ferdinando, Ye, et al., 2017 © 2017 JPRR). 

Dimensionality 
Delay (samples) 

5 10 15 20 25 

2 67.9 ± 8.6 69.4 ± 8.6 72.4 ± 7.7 74.6 ± 7.5 70.8 ± 8.2 

3 64.0 ± 9.3 71.1 ± 9.3 72.6 ± 7.6 69.0 ± 8.2 70.7 ± 9.3 

4 66.0 ± 8.7 69.0 ± 8.2 67.0 ± 8.2 71.1 ± 7.6 68.3 ± 9.0 

5 66.0 ± 8.7 64.9 ± 8.3 73.4 ± 7.9 60.8 ± 9.3 69.2 ± 8.7 

6 67.7 ± 8.7 66.3 ± 8.2 67.3 ± 9.3 59.3 ± 7.3 66.5 ± 7.9 

7 60.3 ± 9.2 70.7 ± 7.7 58.5 ± 8.7 60.8 ± 10.0 61.3 ± 9.5 

8 67.3 ± 9.5 66.8 ± 8.3 58.8 _±10.4 62.8 ± 10.3 63.0 ± 9.4 

9 61.2 ± 8.2 72.1 ± 9.3 62.2 ± 8.0 64.4 ± 8.6 57.3 ± 7.8 

10 60.1 ± 9.5 61.0 ± 9.7 59.4 ± 8.2 59.3 ± 6.9 59.2 ± 9.1 

Table 5 shows the performance of the system using RQA-based features with 10-

fold cross validation for all possible parameter combinations. Similar to BEMD-

spectrogram-based features, all accuracies were significantly above the chance 

level, i.e., 50%, with minimum and maximum accuracies of 57% and 77%, 

respectively. Table 6 summarises the experiment after applying LLN to obtain 

approximated true accuracies. Similar to BEMD-spectrogram-based features, it 

was impossible to find a common parameter combination to build a general model 

for ECG-based event classification.  Based on the confusion matrices, RQA-based 

features delivered higher FN and FP rates than BEMD-spectrogram-based features 
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in both validation methods. BEMD-spectrogram-based features outperformed 

RQA-based features significantly with 10-fold cross validation using a t-test with 

the 0.05 significance level. 

Table 6. Performance using RQA-based features with 10-fold cross validation 

(Reprinted [adapted] with permission from Ferdinando, Ye et al. 2017 © 2017 JPRR). 

Parameter 2nd grade  5th grade  Combined 2nd and 5th grade 

Dimensionality 2 7 3 

Delay (samples) 20 15 25 

Accuracy (%) 73.1 ± 8.5 80.8 ± 8.7 69.7 ± 5.3 

Confusion matrix 0.709 0.291
0.248 0.752

 0.901 0.099
0.281 0.719

 0.687 0.313
0.292 0.708

 

5.4.2 Subject-independent scenario 

Tables 7 and 8 present LOSO validation results for BEMD-spectrogram-based and 

RQA-based features, respectively. They reveal the phenomenon already 

encountered with 10-fold cross-validation relating to a lack of common parameter 

combination that works optimally in all cases. Another important issue concerns 

FN and FP. This validation revealed that both FN, 21–30%, and FP, 19–27%, were 

considerably high. Therefore, a feature enhancement method must be found that 

reduces both FN and FP, improves accuracy and, eventually, finds a common 

parameter combination. 

Table 7. Performance using BEMD-spectrogram-based features with LOSO validation 

for the different experimental groups, presented with optimum parameter combination 

(Reprinted [adapted] with permission from Ferdinando, Ye et al. 2017 © 2017 JPRR). 

Parameter 2nd grade  5th grade  Combined 2nd and 5th grade 

Window size (samples) 150 200 200 

Overlap (%) 10 50 60 

Accuracy (%) 77.3 ± 12.1 79.5 ± 11.8 71.2 ± 7.7 

Confusion matrix 0.786 0.214
0.238 0.762

 0.783 0.217
0.192 0.808

 0.703 0.307
0.266 0.734

 

Surprisingly, SD values based on LOSO validation for RQA-based features were 

better than for the other feature set, except in the case of combined grade. RQA 

offered highly consistent feature sets for ECG-based event classification. Moreover, 

the performance figures of RQA-based features with both validation methods were 

a close match, whereas those for BEMD-spectrogram-based features varied, see 
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Tables 4 and 7. Comparing performance from both feature sets with LOSO 

validation showed no significant difference. 

Table 8. Performance using RQA-based features with LOSO validation (Reprinted 

[adapted] with permission from Ferdinando, Ye et al. 2017 © 2017 JPRR). 

Parameter 2nd grade  5th grade  Combined 2nd and 5th grade 

Dimensionality 2 7 6 

Delay (samples) 15 15 20 

Accuracy (%) 74.8 ± 4.0 76.4 ± 9.3 65.3 ± 8.3 

Confusion matrix 0.661 0.339
0.175 0.825

 0.772 0.228
0.242 0.758

 0.621 0.378
0.312 0.688

 

5.4.3 Subject-specific scenario 

For this scenario, the experiments used data from specific subjects only. 

Consequently, a selected set of features from various parameter combinations was 

chosen specifically for each subject. As to the results, BEMD-spectrogram-based 

features achieved 100% accuracy for all subjects, while RQA-based features ranged 

from 80 to 100%. This indicates that variability within the entire sample set was 

higher than that for each subject.  

5.5 Conclusion 

This is the first experiment to classify ultra-short-term ECG signals to represent 

either violent or non-violent events. It involved using BEMD together with 

spectrogram analysis and RQA to extract useful features from ECG samples to get 

BEMD-spectrogram-based and RQA-based features, respectively. Both methods 

required certain parameter combinations. To compare the performance of both 

feature sets, three scenarios were used, i.e., subject-dependent, subject-independent 

and subject-specific scenario. These experiments were conducted separately for the 

2nd, 5th and combined grade to evaluate, whether the best performance of each 

group was achieved using an identical parameter combination. This information is 

important, because it shows how we can build a generalised model. In subject-

dependent and subject-independent scenarios, BEMD-spectrogram-based features 

delivered better performance than RQA-based feature, achieving an accuracy of up 

to 88% for a 2-class classification problem. For an application related to violence 

detection, these figures are not sufficient. The FN rate, in particular, representing 

misclassification of violent events into an opposite class, was relatively high. In 
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real life, it shows the helpless ratio of all victims. Moreover, the FP rate was also 

relatively high, indicating the false alarm rate of the system. As a result, efforts to 

reduce both these values, especially FN, are of paramount importance. Our 

experiments also confirmed that there was no way of constructing a generalised 

model, because common parameters for feature extraction were not available. On 

the other hand, results from experiments in subject-specific scenarios revealed that 

the database showed low variability for each subject, achieving an accuracy of 

almost 100%. This is a critical finding for future simulations. 
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6 Improving classifier performance using 
supervised dimensionality reduction 

The main problem in the previous experiments was that both FN and FP rates were 

relatively high for a 2-class problem, especially when considering the eventual real-

world application. Having a high FN rate means that kNN misclassifies a large 

portion of ECG signals measured during violent events. In a real situation, this 

would leave the victim helpless. FP represents the false alarm rate, where the 

system reports an act of violence, while there is none. Though the effects may not 

be serious, frequent false alarms can be very annoying. 

According to LOSO validation, no common parameter combination exists for 

all experiments. This hinders developing a general model for ECG-based violent 

event classification. Having a common parameter combination would enable faster 

application deployment, because there is no point in finding custom parameters for 

each user. 

There are two approaches to solving these problems, i.e., enhancing existing 

features to boost their performance and proposing other feature extraction methods. 

This section focuses on enhancing existing features by transforming them to other 

spaces. This transformation can also reduce the dimensionality of the feature set, 

enabling classifiers to work at lower dimensionality than the original set. So, 

transforming features to other spaces offers a two-fold benefit: it enhances existing 

features and reduces dimensionality. 

Various parameter combinations may give different feature sets, and 

appropriate transformation matrices can cause enhanced features to converge at a 

certain point. Thus, all parameter combinations may have the same enhanced 

features, and a general model can be developed easily. 

Transforming features to other spaces can be done blindly or based on labelling. 

This present study focused on labelling-based feature transformation, an approach 

known as supervised dimensionality reduction, which was applied to both indirect 

and direct approach. 

6.1 ECG-based emotion recognition 

Three methods, i.e., NCA, MCML and LDA, were applied to ECG-based emotion 

recognition using the Mahnob-HCI database to enhance BEMD-spectrogram-based 

features. Results from the experiment without supervised dimensionality reduction 

served as baselines. 
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Enhanced features were fed to the kNN classifier to solve a 3-class problem of 

valence and arousal, validated using 10-fold cross validation and LOSO validation. 

To make this exploration less laborious, the number of dimensionalities was chosen 

arbitrarily from two to nine or the lowest original dimensionality of the features 

minus one. Table 9 displays the best performance for each dimensionality after 

applying NCA to BEMD-spectrogram-based features with 10-fold cross validation 

after 100 repetitions with resampling before each repetition. 

Table 9. Accuracy of kNN after enhancing BEMD-spectrogram-based features using 

NCA with 10-fold cross validation for ECG-based emotion recognition in the Mahnob-

HCI database for a 3-class problem of valence and arousal (Reprinted [adapted] with 

permission from Ferdinando, Seppänen, & Alasaarela, 2017a © 2017 SCITEPRESS). 

Emotion 2D 3D 4D 5D 6D 7D 

Valence 61.3 ± 7.2 57.0 ± 8.0 65.3 ± 6.5 64.5 ± 6.7 53.2 ± 7.6 60.4 ± 6.6 

Arousal 65.6 ± 6.2 66.0 ± 8.1 60.1 ± 7.7 61.0 ± 8.1 61.5 ± 7.5 61.2 ± 7.2 

Some dimensionalities with similar performance were subject to further 

experimentation using 1000 repetitions and new resampling. The best results were 

chosen based on significant differences using a t-test at the 0.05 significance level 

(see Table 10 for all supervised dimensionality reduction methods). As explained 

in Section 2.4.2, the highest possible dimensionality for LDA is the number of 

classes minus one, and this problem is a 3-class problem, leaving 2D as the highest 

dimensionality from LDA. For performances based on LOSO validation, see Table 

11. 

Table 10. Best accuracies after applying LDA, NCA and MCML to BEMD-spectrogram-

based features for a 3-class problem of valence and arousal using 10-fold cross 

validation with 1000 repetitions (Reprinted [adapted] with permission from Ferdinando et 

al., 2017a © 2017 SCITEPRESS). 

Emotion LDA NCA MCML 

Valence 54.2 ± 7.4 64.1 ± 7.4 (4D) 53.6 ± 7.3 (3D) 

Arousal 59.8 ± 7.3 66.1 ± 7.4 (3D) 59.5 ± 7.1 (2D) 

Tables 10 and 11 reveal that NCA wins the competition. Even the p-values for a 

significance test, using a t-test at the significance level of 0.05 were close to zero, 

confirming its superiority. However, the best results for valence based on LOSO 

validation showed no significant difference to an implementation without 
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supervised dimensionality reduction. Table 12 compares the performance of both 

original (Ferdinando et al., 2016) and enhanced features (Ferdinando et al., 2017a). 

Table 11. Best accuracies after applying LDA, NCA and MCML to BEMD-spectrogram-

based features for a 3-class problem of valence and arousal using LOSO validation 

(Reprinted [adapted] with permission Ferdinando et al., 2017a © 2017 SCITEPRESS). 

Emotion LDA NCA MCML 

Valence 56.5 ± 10.7 61.7 ± 14.1 (2D) 56.3 ± 12.1 (3D) 

Arousal 60.6 ± 9.1 69.6 ± 12.4 (2D) 61.7 ± 12.3 (2D) 

Table 12. Performance of the original and enhanced features using NCA for ECG-based 

emotion recognition with both validation methods ( Ferdinando et al., 2016; Ferdinando 

et al., 2017a). 

Emotion 
10-fold cross validation  LOSO validation 

Original features Enhanced features   Original features Enhanced features  

Valence 55.8 ± 7.3 64.1 ± 7.4 (4D)  59.2 ± 11.4 61.7 ± 14.1 (2D) 

Arousal 59.7 ± 7.0 66.1 ± 7.4 (3D)  58.7 ± 9.1 69.6 ± 12.4 (2D) 

6.2 ECG-based violent event classification 

6.2.1 BEMD-spectrogram-based features 

NCA, which successfully enhanced BEMD-spectrogram-based feature set in 

emotion recognition, was also tested to find out if it improves features in ECG-

based event classification. However, feature enhancement with NCA did not offer 

expected result as in the emotion recognition in Section 6.1. Table 13 and 14 present 

the results from 2D to 9D for 2nd and 5th grade, respectively.  

A simple t-test evaluates significant differences in performance helping to 

select the best combination. However, this proved impossible without adding a new 

criterion, namely, that the best result is the one with the lowest dimensionality. To 

that end, an algorithm called BROWSE (Best Result Occurred at the loWeSt 

dimEnsionality) was developed. BROWSE’s operating principles are the following 

(Ferdinando, Seppänen, & Alasaarela, 2018): 

1. Find the best accuracy (namely, A1). 

2. If the best accuracy occurs at the lowest dimensionality, then the best result has 

been found (best result = A1). 
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3. Otherwise, find the second-best accuracy (namely, A2) from a lower 

dimensionality and compare A1 to A2 using a t-test at the significance level of 

0.05. 

4. If the difference is statistically significant, then the best result has been found 

(best result = A1). 

5. If the difference is not statistically significant, then the second-best accuracy is 

considered the best accuracy. Repeat the process from step 2 until it reaches 

the lowest dimensionality. 

Table 13. Enhanced BEMD-spectrogram-based features for 2nd grade with 10-fold 

cross validation. 

Parameter 2D 3D 4D 5D 6D 7D 8D 9D 

Window 50 50 50 150 50 50 50 150 

Overlap 90 90 70 80 20 70 90 60 

Accuracy 76.1 ± 8.9 76.4 ± 7.1 77.7 ± 5.2 80.6 ± 6.5 77.4 ± 6.8 74.5 ± 6.2 80.3 ± 7.4 76.7 ± 6.5 

Table 14. Enhanced BEMD-spectrogram-based features for 5th grade with 10-fold cross 

validation. 

Parameter 2D 3D 4D 5D 6D 7D 8D 9D 

Window 150 200 150 150 200 200 200 200 

Overlap 50 80 70 90 80 80 80 40 

Accuracy 79.0 ± 7.5 78.1 ± 4.2 79.1 ± 6.2 79.0 ± 4.6 79.4 ± 2.5 81.4 ± 3.4 84.0 ± 5.9 83.5 ± 2.7 

Applying BROWSE to Table 13, the highest accuracy, thus far, was 80.6 ± 6.5 at 

5D, namely A1 in the algorithm. The second highest accuracy occurring at a lower 

dimensionality than 4D was 77.7 ± 5.2 at 4D, referred to as A2. A t-test at the 0.05 

significance level revealed that the difference between A1 and A2 was significant, 

meaning that 80.6 ± 6.5 at 5D was the best performance at the lowest 

dimensionality for the 2nd grade. BROWSE selected 84.0 ± 5.9 at 8D for 5th grade 

from Table 14. For LOSO validation, BROWSE resulted 76.1 ± 14.4 and 79.0 ± 

12.6 for 2nd and 5th grades respectively. 

Table 15 compares the enhancement for the BEMD-spectrogram-based feature 

set using both validation methods, with the results obtained without supervised 

dimensionality reduction as baseline (Ferdinando, Ye, et al., 2017). It is apparent 

that the enhancement brought no improvement, evaluated using a t-test at the 0.05 

significance level. Moreover, performance after feature enhancement proved even 

lower than before feature enhancement. Similar to ECG-based emotion recognition, 

there was no improvement in the SD either. 
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Table 15. Summary of experiments using BEMD-spectrogram-based features 

(Ferdinando, Ye, et al. 2017). 

Grade Parameter 
10-fold cross validation  LOSO validation 

Without NCA  With NCA  Without NCA  With NCA 

2nd grade Accuracy (%) 88.0 ± 6.8 80.6 ± 6.5 (5D)  77.3 ± 12.1 68.5 ± 11.3 (2D) 

Window (samples) 150 150  150 50 

Overlap (%) 80 80  10 70 
Conf. Matrix 0.864 0.136

0.111 0.889
 0.773 0.227

0.161 0.839
 

 
0.786 0.214
0.238 0.762

 0.674 0.326
0.308 0.692

 

5th grade Accuracy (%) 87.3 ± 5.5 84.0 ± 5.9 (8D)  79.5 ± 11.8 74.7 ± 10.2 (2D) 

Window (samples) 100 200  200 200 

Overlap (%) 90 80  50 80 
Conf. Matrix 0.888 0.112

0.142 0.858
 0.783 0.217

0.112 0.888
  

0.783 0.217
0.192 0.808

 0.750 0.250
0.256 0.744

 

Both validation methods demonstrated that each group of experiments required a 

different combination of window size and overlap parameters, except for 2nd grade 

in 10-fold cross validation. Moreover, the dimensionalities offered by the best 

performance result from each group of experiments were also different. Thus, there 

is no way to build a general model of ECG-based event classification for 

violent/non-violent events using BEMD-spectrogram-based features.  

6.2.2 RQA-based features 

Table 16 summarises how NCA works on RQA-based features and, essentially, fails 

to boost up performance, except for 2nd grade in 10-fold cross validation. Even 

then, it is still below the best performance of BEMD-spectrogram-based features 

without feature enhancement. Consequently, the problem related to FN and FP 

remains unsolved. Our attempt to build a general model was not successful due to 

two reasons, i.e., unsatisfactory performance in LOSO validation after feature 

enhancement and lack of common parameters to achieve best performance. 

6.3 Conclusion 

It can be concluded from Tables 15 and 16 that NCA failed to improve ECG-based 

violent event classification accuracy, while working well for ECG-based emotion 

recognition, see Table 12. This could be caused by the range of  emotions often 

experienced during such a harsh event, as proposed by psychologists (Hunter et al., 

2004; Garner & Hinton, 2010; Ortega et al., 2012). They claim that during violent 
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events, the victims experience mixed negative emotions. Optimising features for a 

mixed emotion situation poses a difficult research problem for affective computing. 

Findings in this section support these claims. The issue requires further empirical 

studies and algorithm development and is left for future research. 

Table 16. Summary of experiments using RQA-based features (Ferdinando, Ye, et al. 

2017). 

Grade Parameter 
10-fold cross validation  LOSO validation 

Without NCA  With NCA  Without NCA  With NCA 

2nd grade Accuracy (%) 73.1 ± 8.5 83.3 ± 2.6 (2D)  74.8 ± 4.0 68.2 ± 1.9 (2D) 

Dimensionality 2 5  2 5 

Delay (samples) 20 15  15 15 
Conf. Matrix 0.709 0.291

0.248 0.752
 0.790 0.210

0.131 0.869
 

 
0.661 0.339
0.175 0.825

 0.652 0.348
0.287 0.713

 

5th grade Accuracy (%) 80.8 ± 8.7 81.9 ± 4.7 (2D)  76.4 ± 9.3 75.5 ± 12.0 (2D) 

Dimensionality 7 7  7 7 

Delay (samples) 15 15  15 15 
Conf. Matrix 0.901 0.099

0.281 0.719
 0.748 0.252

0.112 0.888
  0.772 0.228

0.242 0.758
 0.747 0.253

0.239 0.761
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7 Features with minimum number of 
parameters 

Applying supervised dimensionality reduction to enhance both BEMD-

spectrogram-based and RQA-based features did not improve the observed FN and 

FP rates. Moreover, feature enhancement failed to offer a general model for ECG-

based violent event classification. For that reason, supervised dimensionality 

reduction was left out of this study. Consequently, this section focuses on proposing 

new feature extraction methods based on the analysis discussed in Sections 4, 5, 

and 6. 

The performance of both BEMD-spectrogram-based features and RQA-based 

features depend on certain parameter combinations. Unfortunately, the best 

performance for 2nd and 5th grade occurred at different combinations, which 

hindered the construction of a general model for ECG-based violent event 

classification. Using feature extraction methods with less parameters or none at all 

may offer a higher possibility of finding a general model, simply because fewer 

parameters produce fewer model candidates. Moreover, new feature extraction 

methods may offer better performance than BEMD-spectrogram-based features by 

improving FN and FP rates. 

Applying spectrogram analysis to IMFs, however, proved cumbersome. It 

resulted in different sets of features for different combinations of window size and 

overlap parameters. This section introduces additional feature extraction methods, 

by crafting features from ECG directly and analysing the IMFs after BEMD 

analysis. The first methods employ a 1D-local binary pattern (1D-LBP) and fiducial 

point analysis directly to ECG signals, resulting in basic ECG features. The second 

methods, in turn, work on IMFs after BEMD analysis. This is because features 

based on BEMD analysis showed promising results, providing advanced ECG 

features.  

Similar to the previous experiments, SFFS was used to only select features with 

a large discriminant value. Later, a kNN classifier was applied to the data, and 

performance validation was performed using 10-fold cross-validation with 1000 

repetitions and new resampling before each repetition, as well as LOSO validation.  
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7.1 Basic ECG features 

7.1.1 LBP-based features 

Local binary pattern (LBP) was initially proposed to encode patterns from images 

(Ojala, Pietikäinen, & Mäenpää, 2002). Simple but powerful, the algorithm has 

evolved through several extended versions and offers promising results in many 

applications, for example, median robust extended LBP for texture classification 

(Liu, Fieguth, Pietikainen, & Lao, 2015) and spatiotemporal LBP for spontaneous 

facial micro expression (Wang, See, Phan, & Oh, 2015). LBP has also been applied 

to 1D-signals such as ECG (Louis, Hatzinakos, & Venetsanopoulos, 2014; Louis, 

Komeili, & Hatzinakos, 2016; Kumar & Kanhangad, 2018;) and EEG (Kaya et al., 

2014; Tiwari, Pachori, Kanhangad, & Panigrahi, 2017). 

The basic idea behind LBP involves comparing a value at a reference point to 

surrounding values to form a binary sequence, which is then converted into a 

decimal number. This decimal number represents a pattern value around the 

reference point. Applying the same procedure to all points results in a histogram 

that represents the hidden pattern of the signal (Regouid & Benouis, 2019). 

Applying LBP to 1D signals is simple and straightforward, because 

neighbouring values lie on the left and right-hand side of the reference point. A 1D 

LBP value at xc, the centre point, is defined as 

 𝐿𝐵𝑃 𝑥 ∑ 𝑠𝑖𝑔𝑛 𝑥 𝑥 2  𝑠𝑖𝑔𝑛 𝑥 𝑥 2  (12) 

with  

 𝑠𝑖𝑔𝑛 𝑥     1   if 𝑥  1     
0   otherwise

, (13) 

where p is the range of surrounding points in one direction and LBP calculates a 

pattern in both directions. This means that p determines the number of bits in the 

resultant binary number. Choosing 10 as p, for example, means that LBP calculates 

a binary pattern from 10 points on each side of the centre point, so the binary pattern 

holds 20 bits. This binary number is then converted into a decimal number to 

represent a pattern value around that centre point. This process continues for all 

centre points, producing a complete histogram profile of that signal. 

A small p offers detailed pattern exploration, but it is time-consuming and 

sensitive to noise. On the other hand, a large p gives a general pattern in exchange 

for faster computation and is less sensitive to noise. Preliminary experiments 
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showed that p greater than 100 gives poor performance, so p was chosen from 10 

to 100 with 10-step intervals, providing ten sets of features based on the p parameter, 

which is less than the 36 sets of BEMD-spectrogram-based features. 

7.1.2 PQRST-based features 

ECG signal analysis based on fiducial points has been used with promising results 

in many applications including arrhythmia diagnoses (Yazdani & Vesin, 2016; Lee, 

Jeong, Park, Yun, & Park, 2018), derivation of HRV signals, biometrics (Yongjin 

Wang, Agrafioti, Hatzinakos, & Plataniotis, 2007), identification of atrial blocks 

(Yáñez de la Rivera, Soto-Bajo, & Fraguela-Collar, 2018) and recognition of 

discrete emotions (Brás, Ferreira, Soares, & Pinho, 2018). If the fiducial points of 

ECG can be used to recognise emotion, then the induced emotion modulates the 

characteristics of P, Q, R, S and T waves. Consequently, violent events that 

stimulate emotions also modulate their characteristics. 

This present study uses distances between the fiducial points of ECG as 

features. The algorithm designed to detect P, Q, R, S and T-peaks was modified 

based on a method proposed by Aalizade (2020) to make threshold detection 

adaptive to signals and to replace the left and right limits in peak and valley 

detection. Since the emotion recognition database provides baseline signals before 

stimulation for each sample, the ratios of response to the baseline were included. 

This set of features is called PQRST-based features. 

7.2 Advanced ECG features 

IMFs carry information about oscillation, so Agrafioti et al. (2012) used local 

oscillations as a feature in ECG-based emotion detection. However, local 

oscillations showed poor performance for ECG-based emotion recognition in the 

Mahnob-HCI database (Ferdinando et al., 2016). Other ways to characterise 

oscillations might deliver promising results. All advanced ECG features were 

developed based on an analysis of IMFs after applying BEMD. Our naming 

convention is derived from BEMD, as the base method, followed by a specification. 

7.2.1 BEMD-statistics-based features 

One possible measure to characterise oscillations is the number of zero crossings 

on IMFs, see Figure 9 for typical IMF signals after applying BEMD to ECG signals. 
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According to Huang et al. (1998), the number of extrema and zero crossings must 

either be equal or differ at most by one. Thus, the number of zero crossings reflects 

information about oscillation.  

During IMF calculation, Huang et al. (1998) used the upper and lower 

envelopes to calculate IMFs. Since these envelopes are symmetrical to each other, 

the area under the curve (AUC) of the upper envelope can be used as an additional 

feature. When ECG signal length varies, it is important to normalise the number of 

zero-crossings and AUC. 

Oscillation variations change the time interval between two consecutive peaks, 

resulting in a series of time intervals, in the same way as HRV characterises ECG 

signals. This time series and its first difference are subject to statistical distribution 

measures (mean, SD, maximum and minimum, percentile in several indexes, 

interquartile range, skewness and kurtosis) as a new set of additional features. 

7.2.2 BEMD-Poincare-based features 

Poincare plots have been used to extract features from HRV signals (Huikuri et al., 

1996; Brennan, Palaniswami, & Kamen, 2001; Mourot, Bouhaddi, Perrey, Cappelle, 

et al., 2004; Mourot, Bouhaddi, Perrey, Rouillon, & Regnard, 2004). A Poincare 

plot is a cloud-based plot that compares an RR interval on the x-axis to the previous 

one on the y-axis. Two measures, SD2 and SD1, located along the identity line and 

its perpendicular axis, are the most common features extracted from a Poincare plot. 

SD1 and SD2 represent SDRR (short-term variability) and SDSD (long-term 

variability), respectively (Khandoker et al., 2013).  

In this present study, Poincare plots were constructed using IMFs after BEMD 

analysis on ECG signals. In keeping with the procedure for BEMD-spectrogram-

based features, the number of IMFs was limited to three: SD1, SD2 and their ratio. 

Poincare plots of IMFs were proposed as a feature extraction method due to their 

ability to characterise self-similarity (Nataraj, Jalali, & Ghorbanian, 2012) as well 

as short-term and long-term variability in signals (Khandoker et al., 2013). Figure 

16 shows Poincare plots of IMFs of a violent and non-violent event. 
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Fig. 16. Poincare plot of IMFs recorded from a violent and nonviolent event. 

7.2.3 BEMD-PSD-based features 

Power spectral density (PSD) distribution from the lowest to the highest frequency, 

i.e., very-low frequency (VLF), low frequency (LF), high frequency (HF) and ratio 

of LF to HF, can be used as a feature in HRV analysis. These measures are used to 

characterise slow and quick recoveries as well as vagal and sympathetic activities 

(Usui & Nishida, 2017).  

Since the HRV signal is unreliable due to its length, this study calculated PSD 

from IMFs after BEMD analysis. These IMFs contain oscillation variations, so DFs 

were used as features in BEMD-spectrogram-based features. DFs capture how 

dominant frequencies change dynamically over time, while PSD neglects 

information in the time domain. Instead, it utilises periodograms, providing 

amplitudes from DC to half of sampling frequency, or 0–125 Hz. Based on its 

logarithmic scale, this band was divided into three, six or nine regions, and the 

selected features were the PSDs of each band and their ratios. 

7.2.4 BEMD-autocorrelation-based features 

Autocorrelation can be used to find certain patterns in signals, including self-

similarity and repetitive events. If emotion recognition and violent event detection 

induce such patterns into ECG signals, IMFs resulting from BEMD will carry 

similar patterns. Autocorrelation coefficients provide a self-similarity profile across 
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each sample. Features of this method include the proportion of autocorrelation 

coefficients that exceed an upper or lower confidence bound and the statistical 

distribution of the autocorrelation profile. 

7.3 ECG-based emotion recognition 

Tables 17 compares the performance of various feature extraction methods to those 

of the BEMD-spectrogram-based features presented in Table 1. Using a t-test at the 

0.05 significance level, BEMD-statistics-based features significantly outperformed 

the other feature sets in 10-fold cross validation. Since BEMD-statistics-based 

features have no parameters, these results are promising. Surprisingly, BEMD-

PSD-based features offer the smallest SD, providing highest consistency within 

repetition results for 10-fold cross validation methods. Moreover, LBP-based 

features, collecting hidden patterns in ECG signals, offer a performance close to 

that of BEMD-spectrogram-based features. 

Table 17. Comparing the performance of various feature extraction methods in ECG-

based emotion recognition with BEMD-spectrogram-based features acting as baseline 

(Ferdinando et al., 2016). 

Methods 
10-fold cross validation  LOSO validation 

Valence Arousal  Valence Arousal 

BEMD-spectrogram-based features 55.8 ± 7.3 59.7 ± 7.0  59.2 ± 11.4 58.7 ± 9.1 

LBP-based features 54.6 ± 1.0 54.2 ± 0.9  55.2 ± 11.9 54.8 ± 9.8 

PQRST-based features 45.3 ± 1.1 47.1 ± 0.9  42.0 ± 10.2 44.7 ± 11.9 

BEMD-statistics-based features 60.2 ± 0.8 62.7 ± 0.9  62.5 ± 9.2 61.0 ± 12.9 

BEMD-Poincare-based features 40.7 ± 1.0 41.4 ± 1.0  42.3 ± 10.5 40.9 ± 10.7 

BEMD-PSD-based features 50.3 ± 0.4 55.6 ± 0.4  39.2 ± 10.0 45.2 ± 11.3 

BEMD-autocorrelation-based features 47.5 ± 1.1 47.2 ± 1.1  40.1 ± 11.1 43.6 ± 10.6 

BEMD-PSD-based features should give good performance, as they also 

characterise oscillations in a way similar to BEMD-spectrogram-based features. 

However, the DFs of BEMD-spectrogram-based features are calculated for each 

small window, while PSD has no information about time. It seems that occasionally 

the dynamic of this oscillation serves to capture induced emotions. 

Unfortunately, BEMD-Poincare-based, BEMD-autocorrelation-based and 

PQRST-based features delivered poor performance, with BEMD-Poincare-based 

features showing worst performance. SD1, SD2 and SD1/SD2 from Poincare plots 

failed to characterise induced emotions well. Since Poincare plots are used to 
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quantify self-similarity, it appears that self-similarity in the IMFs due to emotion 

stimulation is low. Because autocorrelation is another way to quantify self-

similarity in signals, this argument also explains why BEMD-autocorrelation-

based features delivered poor performance. However, they do offer a better result 

than BEMD-Poincare-based features. This phenomenon can be explained by the 

fact that Poincare plots only measure SD1 and SD2, which rely on the 

autocorrelation of lag 0, RR(0) and lag 1, RR(1), as shown by equations (Khandoker 

et al., 2013) 

 SD 𝛾 0 𝛾 1  (14a) 

and 

 SD 𝛾 0 𝛾 1 2𝑅𝑅 . (14b) 

Since BEMD-autocorrelation-based features include a longer lag, they provide a 

more thorough self-similarity exploration by providing a self-similarity profile, 

with correspondingly stronger result features. 

Emotion does not seem modulate the peak position of the fiducial points of 

ECG. If it does, then PQRST-based features should offer good performance. 

Another reason why fiducial point detection may not work well relates to signal 

quality issues.  

LOSO validation results proved similar to those of 10-fold cross validation. 

However, there was no significant difference between BEMD-spectrogram-based 

features and BEMD-statistics-based features for valence and arousal. These results 

showed that BEMD-statistics-based features provide a good feature representation 

for emotion recognition. Even more interesting, this method requires no parameters, 

offering greater flexibility than BEMD-spectrogram-based features. 

7.4 ECG-based violent event classification 

Table 18 compares the performance of the proposed features using 10-fold cross 

validation. It is apparent that BEMD-statistics-based features and BEMD-

autocorrelation-based features are fully comparable to BEMD-spectrogram-based 

features. As a matter of fact, all used the same initial signal analysis method, but 

followed a different process afterward. Surprisingly, the performance of LBP-based 

features was comparable to that of RQA-based features, although they applied a 

different approach to feature extraction. Both were, however, outperformed by 

PQRST-based features, while BEMD-Poincare-based features fell behind them.  
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All proposed features also offer a smaller SD than BEMD-spectrogram-based and 

RQA-based features. In addition, based on the confusion matrices from these 

experiments, the proposed features also struggled with relatively high FN and FP, 

just like BEMD-spectrogram-based features.  

Table 18. Performance comparison of the various feature sets in 10-fold cross 

validation with BEMD-spectrogram-based features and RQA-based features acting as 

baselines (Ferdinando, Ye et al., 2017). 

Methods 2nd grade 5th grade Combined grade 

BEMD-spectrogram-based features 88.0 ± 6.8 87.3 ± 5.5 82.2 ± 8.2 

RQA-based features 73.1 ± 8.5 80.8 ± 8.7 69.7 ± 5.3 

BEMD-statistics-based features 89.3 ± 1.8 85.0 ± 1.3 79.2 ± 1.0 

BEMD-Poincare-based features 69.1 ± 2.1 73.3 ± 1.4 66.4 ± 1.4 

BEMD-PSD-based features 84.7 ± 2.1 88.6 ± 1.6 80.5 ± 1.2 

BEMD-autocorrelation-based features 87.1 ± 2.0 84.7 ± 1.4 74.1 ± 1.3 

LBP-based features 74.4 ± 2.1 78.9 ± 1.5 68.9 ± 1.3 

PQRST-based features 80.8 ± 1.6 81.3 ± 1.4 76.8 ± 1.0 

Table 19. Performance comparison of the various feature sets in LOSO validation 

(Ferdinando, Ye et al., 2017). 

Methods 2nd grade 5th grade Combined grade 

BEMD-spectrogram-based features 77.3 ± 12.1 79.5 ± 11.8 71.2 ± 7.7 

RQA-based features 74.8 ± 4.0 76.4 ± 9.3 65.3 ± 8.3 

BEMD-statistics-based features 62.7 ± 11.0 65.9 ± 10.2 69.9 ± 8.4 

BEMD-Poincare-based features 53.4 ± 4.0 59.6 ± 14.0 62.0 ± 16.0 

BEMD-PSD-based features 69.3 ± 12.2 76.1 ± 16.8 58.0 ± 14.6 

BEMD-autocorrelation-based features 71.9 ± 4.0 73.7 ± 9.4 67.7 ± 10.9 

LBP-based features 62.6 ± 19.8 72.5 ± 14.5 69.5 ± 5.8 

PQRST-based features 55.7 ± 22.3 66.5 ± 17.3 64.3 ± 12.6 

Table 19 shows, side-by-side, the performance of the various feature sets in LOSO 

validation. It is apparent that BEMD-spectrogram-based features outperformed the 

others. However, using a t-test at the 0.05 significance level, it was found that these 

performance results were at the same level as those of RQA-based, BEMD-

autocorrelation based, BEMD-PSD-based and LBP-based features. It can be noted 

that BEMD-Poincare-based and PQRST-based features came in last place.  

As in ECG-based emotion recognition, BEMD-Poincare-based features 

proved inferior to BEMD-autocorrelation-based features. It seems that because 
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Poincare plots only utilise two lags, the results are poor compared to the 

autocorrelation method with more lags. 

7.5 Conclusion 

For ECG-based emotion recognition, BEMD-statistics-based features 

outperformed the baseline, i.e., BEMD-spectrogram-based features, in 10-fold 

cross validation, while offering the same level of accuracy in LOSO validation. 

This set of features is calculated without any parameters, giving it an advantage 

over BEMD-spectrogram-based features. Though LBP-based features require less 

parameters, they demonstrated comparable performance to BEMD-spectrogram-

based features. The rest of the proposed new features did not deliver expected 

performance results or failed to outperform BEMD-spectrogram-based features as 

the baseline. 

For ECG-based violent event classification, BEMD-statistics-based and 

BEMD-autocorrelation-based features proved fully comparable to BEMD-

spectrogram-based features in 10-fold cross validation, whereas PQRST-based 

features outperformed RQA-based features. However, the proposed new features 

struggled with high FN and FP rates as the baseline. Based on LOSO validation, all 

delivered the same level of accuracy, with BEMD-Poincare-based and PQRST-

based features, showing the lowest accuracy. 

In conclusion, the BEMD-statistics-based feature set met the expectation to 

provide a feature set with few or no parameters, while achieving at least the same 

performance as BEMD-spectrogram-based features, for both the indirect and direct 

approach. For the indirect approach, BEMD-statistics-based features delivered 

better performance than the baseline. 
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8 Discussion 

The theme of this work is ECG-based violent event classification. More specifically, 

it attempts to classify events as either violent or non-violent based on ultra-short-

term ECG signals (< 5 minutes) using indirect and direct approaches. If successful, 

this leads to the development of ECG-based violent event detection from 

continuous signals, which can be used to raise an alarm, when violence takes place. 

With a view to the promising results from similar studies using surveillance videos, 

this study does not claim to provide a better solution. Instead, both strands of 

research are complementary to each other, and fusing them into a single system 

may lead to a useful future application. However, ECG-based violent event 

classification still requires more study, as shown by the results presented here. This 

requires the existence of an ECG-based event classification database, which is not 

currently available and methods able to analyse ultra-short-term ECG signals for 

feature extraction.  

8.1 Database and simulation (objective #1) 

In the simulations, one great challenge was the chest strap. It had to be shortened 

manually according to the body size of the pupil wearing it, while maintaining the 

original position of electrodes on their skin. Therefore, simulations involving 

younger pupils were more difficult than those with older pupils. This may explain 

why simulations involving 2nd grade pupils produced a smaller number of samples 

than those with 5th grade pupils. It was easier to discuss the issue with 5th graders, 

when a tighter position was required. Not only does the chest strap hold the sensor 

attached to the body, but it also provides electrodes through a textile-based sensor. 

As a result, electrode position on the body is a central concern, making it impossible 

to replace the chest strap with an ordinary elastic strap. 

Since chest strap instrumentation has the greatest impact on data acquisition, it 

is advisable to adjust the strap before the simulation day.  This allows more time to 

find a trade-off between subject convenience and ECG signal quality. It is better to 

meet the subjects twice, so that the first day is dedicated to chest strap preparation 

and the second for the actual simulation, instead of doing everything on the same 

day. Involving more people to help out at the preparation stage is also likely to save 

time. However, this might be not possible in all situations. 

Monitoring the electrode-skin contact via a computer proved helpful, as it 

revealed that only a few subjects had proper chest strap instrumentation. During 
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the simulations, most warnings were generated with 2nd graders, indicating the 

above-mentioned struggle in the instrumentation phase. 

Only a few violent event samples were recorded, because they involved sudden 

body movements that shifted electrode positions. Unstable electrodes were the 

single most important contributor to ECG signal corruption. Reading continuous 

ECG signals using a 6-second rectangular window with a one-second shift resulted 

in about 2.4% of ECG signals being measured during violent events. Most of the 

signals making up the 2.4 % were corrupted to the degree that their R peaks were 

not visible at all. 

Unsynchronized video and sensors were used in the simulations, and the 

smallest resolution was one second, due to human visual and auditory limitations. 

However, even the best-synchronized measurement cannot solve the problem of 

identifying the exact moment when a violent event takes place, because some 

actions only last a very short time. 

Among the activities simulating violence, pushing from the front and a game 

called pushing out of square contributed most to the FN rate. However, they were 

not sufficiently hard actions to induce violence traits on ECG signals, unlike some 

of the other activities. It seems that pushing from the front did not work as designed, 

because the subjects chose to do the pushing with less power than expected, and 

the ‘victim’ did not feel victimized. Applying more power could be directly harmful 

to the ‘victim’, so the ‘perpetrator’ most likely tried to avoid it, as they were friends 

outside the simulations. For the pushing out of square game, the subjects may have 

experienced the goal of the game as having fun instead of creating a harsh situation. 

On the other hand, walking and relaxing tended to be classified as violent 

events and contributed to the FP rate of BEMD-spectrogram-based features. During 

walking, body position changes constantly in a way that affects ECG signals. 

Studies on body position changes and ECG signals have confirmed this 

phenomenon (Riekkinen & Rautaharju, 1976; García, Åström, Mendive, Laguna, 

& Sörnmo, 2003; Pan et al., 2018). 

It was surprising that kNN misclassified relaxing as a violent event. However, 

it also indicated that the pupils were not relaxed enough. This suggests that all ECG 

signals measured during a relaxation session cannot be labelled as non-violent, 

because the subjects may not be fully relaxed at the start of a session. This makes 

it necessary to define a certain delay after session start to guarantee that they are 

truly in a relaxed condition. However, the length of the delay time has not been 

determined yet and may vary among different subjects. The delay might be 

interpreted as psychophysiological response, which varies from person to person. 
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Parasympathetic rebound, a possible delay time in which the parasympathetic 

nervous system dominates over the sympathetic nervous system in response to a 

stimulus, may also play a major role here. Since parasympathetic rebound is 

affected by many factors, including diet and obesity (Yakinci, Mungen, Karabiber, 

Tayfun, & Evereklioglu, 2000; Das, 2001; Sekine, Izumi, Yamagami, & 

Kagamimori, 2001), it is not easy to define an exact delay time. Ordinary games, 

which were labelled as non-violent, were classified as violent, because some games 

induce an uneasy feeling in sensitive children. So, using games to induce non-

violent behaviour must be considered carefully. 

The database may also suffer from wrong labelling, as observers and subjects 

may have a different perception of events. Observers labelled actions while viewing 

a video, but the subjects on the video may have experienced the situations 

differently. For example, observers labelled the pushing out of square game a 

violent event, but the subjects viewed it as a fun game. 

Experiments in a subject-specific scenario showed that the variability of the 

entire sample set was greater than that of each subject. In all simulations, the 

perpetrator-victim pair was always the same. Each ‘perpetrator’ was likely to use 

the same force on their ‘victim’ every time, reducing sample variability within the 

samples. One possible solution to this problem is randomizing the perpetrator-

victim pairs. 

Although the proposed methods offered promising results, several constraints 

must be considered. The experiments only produced a small number of samples, 

which does not warrant any far-reaching generalizations. Remedying this situation 

calls for experiments to collect more samples from more subjects. Involving 

subjects from various ethnic backgrounds and cultures is another variation that may 

produce interesting results. It seems that some activities must be added to the 

inventory of activities to induce additional variation in the data. 

All these facts indicate that a need exists to redesign some of the activities to 

obtain better signals for further analysis. They also reveal that some activities were 

interpreted differently by the viewers and the subjects, confirming that designing 

simulation activities is indeed as challenging as Section 3 suggested. 

Several problems were discovered during preparation, simulation and post-

processing: 

– It was not easy to design activities that represent violent events. 
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– It is necessary to find a trade-off between subject convenience and ECG signal 

quality, with manual strap shortening raising another problem related to 

convenience.  

– Manual synchronization between video and measured signals depended on the 

limitations of human vision and auditory perception. 

Some lessons learned from the simulations: 

– It is advisable to allocate a separate day to preparing chest strap instrumentation, 

instead of doing it on the same day as the actual simulation. 

– It is better to involve more people at the preparation stage to save time. 

– Using a single camera limits the activity area, leaving a number of blind spots. 

As a result, a bird’s eye view camera (Keskinarkaus et al., 2016) is 

recommended. 

8.2 ECG-based emotion recognition (objective #2) 

Exploration in the Mahnob-HCI database used the following feature sets: HRV-

based, BEMD-spectrogram-based, EMD-HHT-based, BEMD-HHT-based, BEMD-

statistics-based, BEMD-Poincare-based, BEMD-PSD-based, BEMD-

autocorrelation-based, PQRST-based and LBP-based features. HRV-based features 

were used as suggested by Soleymani et al. (2012), although the ECG signals in the 

Mahnob-HCI database do not fulfil the ECG signal length requirement. The 

experiments found that HRV-based features failed to characterise valence and 

arousal particularly well. It provided an accuracy of about 46% to solving a 3-class 

problem in emotion recognition, with features selected by individual performance 

using one-way anova (Ferdinando et al., 2014). This was at about the same level as 

the accuracies obtained using features from all peripheral biosignals (Soleymani et 

al., 2012). Using SFFS to select features slightly improved performance, see Figure 

11 in Section 4.4.   

Among all feature sets, BEMD-statistics-based features outperformed the 

others significantly in 10-fold cross validation. This feature set was derived from 

the first three IMFs after applying BEMD analysis. It seemed oscillations in the 

IMFs characterise valence and arousal well. BEMD-spectrogram-based features 

looked at the DFs of IMFs, while BEMD-statistics-based features observed 

oscillation characteristics. These two methods turned out to provide better feature 

sets than HHT, which calculates the average frequency of IMFs (MathWorks, 2006). 

DFs provide power spectral density profiling from time to time based on window 
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size and overlap parameters, which characterise oscillations well. On the other hand, 

BEMD-statistics-based features use the number of zero crossings, AUC of the 

upper envelope and time-interval series between consecutive peaks to catch 

oscillation profiles in IMFs.  

Other feature sets based on BEMD, i.e., Poincare, PSD and autocorrelation did 

not work as expected. Poincare plots and autocorrelation failed to characterise 

potential self-similarity in IMFs. While Poincare only has two lag points, lag 0 and 

lag 1, the autocorrelation method uses several lag points, giving a more thorough 

exploration of self-similarity. PSD applies Fourier analysis to the entire signal, 

contrasting with the segment-by-segment approach in spectrogram analysis. Thus, 

PSD loses time information, which is a significant characteristic in BEMD-

spectrogram-based features. 

As the performance of LBP-based-features was close to, though not exceeding 

that of BEMD-spectrogram-based features, this feature set looks promising. It 

reveals that ECG signals may contains hidden patterns, which can be used to 

characterise stimulated emotions. These hidden patterns are waiting to be revealed 

by other methods, offering a potential direction for future work. 

PQRST-based features behaved unexpectedly, showing that emotion may not 

modulate fiducial point positions. Perhaps, it is not the position, but the width or 

amplitude of each wave, which serves best as a feature.  

On the downside, BEMD-spectrogram-based features require a long 

computation time in exchange for performance during the training phase. It requires 

specific window size and overlap parameters, which must be combined carefully 

to achieve optimum performance. As no heuristic method exists to find an optimum 

combination, a large number of experiments must be conducted, which is time-

consuming. Table 1, Section 4, shows that both valence and arousal use the same 

window size and overlap parameters to achieve best performance. Perhaps this 

finding reveals that spectrogram analysis characterizes each emotion differently, 

thereby reaching best performance in all validation methods. Applying this method 

to feature extraction in an ECG-based biometric identification system achieves an 

accuracy of up to 99% without any feature enhancements (Ferdinando, Seppänen, 

& Alasaarela, 2017b). 

Looking at the confusion matrices of the various feature sets, it seems all sets 

tend to classify inputs to low level of valence or arousal, except BEMD-statistics-

based features in 10-fold cross validation for both valence and arousal. For such 

low levels of valence and arousal, some feature sets achieved high performance, up 
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to 83%, However, since their performance at other levels was not particularly good, 

it decreased the overall score. 

Applying supervised dimensionality reduction to the indirect inference 

approach improved performance results significantly. However, even enhanced 

performance was still considerably low, and this error may propagate further when 

the thus recognised emotions are used to classify events as either violent or non-

violent. 

As yet, no empirical study confirms psychologists’ claims regarding emotions 

experienced in situations involving bullying and violence. Emotional reactions are 

personal and, to a degree, unique to each individual. Besides, emotional reactions 

to violent situations may vary considerably across different cultures. Thus, the 

indirect approach is not currently applicable. 

8.3 ECG-based violent event classification (objective #3) 

Emotional responses in the simulations were analysed using BEMD-spectrogram-

based, RQA-based, BEMD-statistics-based, BEMD-Poincare-based, BEMD-PSD-

based, BEMD-autocorrelation-based, PQRST-based and LBP-based features. All 

achieved accuracies were higher than the chance level. However, parameters for 

those achievements varied, except for BEMD-statistics-based, BEMD-Poincare-

based, BEMD-autocorrelation-based and PQRST-based features, which use no 

parameters. In the end, BEMD-spectrogram-based, BEMD-statistics-based and 

BEMD-autocorrelation-based features proved superior to the other sets, but 

BEMD-spectrogram-based features struggled to find optimum parameter 

combination for best performance during the training phase for each simulation 

group. Because BEMD-statistics-based and BEMD-autocorrelation-based features 

require no parameters at all, they have a major advantage over the other methods. 

To obtain BEMD-spectrogram-based features, spectrogram analysis was 

applied to the first three IMFs, because they preserve most information within each 

ECG signal (Agrafioti & Hatzinakos, 2011; Karagiannis & Constantinou, 2011). 

Although a wide window may occupy several QRS complex waves, decreasing the 

sensitivity of the analysis, it is suitable for noisy signals.  A narrow window, on the 

other hand, is too sensitive to noise. The overlap parameter determines the detail 

level of the analysis. Moreover, each P, QRS and T wave has different frequency 

characteristics, which influences the nature of IMFs. This fact makes choosing an 

appropriate window size and overlap parameter problematic. Thus, methods that 
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require less or no parameterization are most practical, which is the reason to 

propose new methods in Section 7. 

Methods to extract features from IMFs require no parameters, except BEMD-

PSD-based features, which require one parameter, i.e., the number of regions. The 

performance of BEMD-PSD-based features with nine regions outperformed the 

others in all validation methods. It means that all methods that work on IMFs 

successfully deliver a general model for ECG-based violent event classification. 

However, the recorded performance results were still below those achieved by 

BEMD-spectrogram-based features. 

As evidenced by Tables 18 and 19, BEMD-spectrogram-based features 

dominate over the other feature sets in all validation methods. The only exception 

is that this feature set is inferior to BEMD-statistics-based and BEMD-PSD-based 

features in 2nd and 5th grades, respectively, based on a t-test at the 0.05 significant 

level. Thus, BEMD-spectrogram-based features are still superior to the other 

feature sets. 

BEMD-spectrogram-based features trace oscillation dynamics via PSD from 

time to time. Perhaps this evaluation method is good enough to capture the 

dynamics of the mixed emotions experienced by the victims during violent events, 

as it also worked well in ECG-based emotion recognition. BEMD-autocorrelation-

based features take into account this dynamic oscillation via self-similarity by 

profiling several autocorrelation coefficients at various lags. Instead of tracing 

dynamic oscillations, BEMD-statistics-based features make generalisations based 

on statistical measures of dynamic oscillations in IMFs. BEMD-PSD-based 

features, which utilise Fourier analysis, lose time information, just like HHT-based 

features in ECG-based emotion recognition, see Section 4.4. However, calculating 

PSD for different bandwidths offered a better solution than using the whole band. 

Similar to ECG-based emotion recognition, Poincare plots of IMFs failed to deliver 

expected good performance, because they only utilise lag 0 and lag 1. 

It was hypothesised that violent events modulate PQRST waves so that their 

locations may shift. However, results in Section 7 indicated that it was not 

completely correct. If the hypothesis is true, then distances between fiducial points 

provide good features for ECG-based violent event classification. However, the 

performance of PQRST-based features is still better than that of BEMD-Poincare-

based, RQA-based and LBP-based features. Further investigation is needed in order 

to draw deeper conclusions, particularly as the performance of LBP-based features 

was low in our experiments.  
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Relatively low performance in ECG-based violent-event classification may 

also be a result of an inaccurate manual labelling process. As mentioned in Section 

3, the labelling process was based on scenes recorded on video during simulations. 

Later, the video was synchronised manually to ECG and acceleration signals. This 

means that accurate data labelling is problematic in terms of timing, because how 

the observers perceive what they see in the video may not accurately represent the 

actual situation. Moreover, possible time delays due to psychophysiological 

responses and parasympathetic rebound may also contribute to this error. 

It cannot be neglected that ECG signals are sensitive to motion and body 

position (Riekkinen & Rautaharju, 1976; García et al., 2003; Pan et al., 2018). 

Motion artefacts can be eliminated or reduced from signals, but their impact on 

ECG morphology may remain. A change in body position may change the relative 

position of the electrode and thus affect ECG signal morphology. It has been shown, 

for example, that RR intervals in standing and supine positions show significant 

differences (Batchvarov, Bortolan, & Christov, 2008). Since the subjects were 

moving freely in our simulations, body position changes could not be avoided, even 

in non-violent motions, such as walking, running and jumping. 

One disadvantage of the LBP-based method is its sensitivity to noise. In the 

presence of noise, the histogram pattern may no longer be representative. For this 

reason, a centralized binary pattern (CBP) was proposed (Fu & Wei, 2008). 

However, experiments using a 1D centralized binary pattern (1D-CBP) resulted in 

such poor performance that they were excluded from this work. The results were 

inferior to those presented in the previous sections. 

There is the possibility of applying 1 dimensional multi-resolution LBP 

(1DMRLBP) (Louis et al., 2016). However, 1DMRLBP uses two parameters; p (the 

number of neighbouring points on the left and right-hand side of the centre point) 

and d (minimum distance of an included neighbouring point to the centre point). 

This raises a problem similar to that of BEMD-spectrogram-based features. 

An experiment using HRV-based features revealed that RMSSD was the index 

providing best performance according to SFFS. Victims often hold their breath for 

a moment during a violent event, which significantly lowers their RMSSD.  After 

breath holding, RMSSD increases noticeably, becoming higher than in normal 

breathing (Chen, Chen, Yun, Huang, & Li, 2014). This may explain the finding, but 

RMSSD alone did not completely capture violent event characteristics in ECG, 

leaving BEMD-spectrogram-based features and BEMD-statistics-based features 

still superior.  
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Working on 6-second segments of ECG signals, BEMD-spectrogram-based 

features required on average 50 milliseconds, while RQA-based and other methods 

working on IMFs needed 1.3 seconds and 30–50 milliseconds, respectively. LBP-

based and PQRST-based features required the least calculation time, less than 10 

milliseconds. These facts suggest that further exploration related to RQA is not 

useful for a real-time application, because RQA is very time-consuming. In 

addition, it exhausts battery power fast when implemented on a smartphone.  

Enhancing features by supervised dimensionality reduction did not improve 

performance in ECG-based violent event classification, although it worked well in 

ECG-based emotion recognition. The most plausible explanation is that in a violent 

situation, victims may experience mixed emotions as postulated by psychologists. 

Optimising a classifier system for a situation that induces multiple emotions is very 

challenging. In addition, problems with manual labelling, as described in Section 

8.1, may also contribute to this issue. 

For the BulStopPhone application, choosing a sampling time for the whole 

system is crucial. Sampling times less than one second are not recommended, 

because frequent computation drains battery power fast and should be avoided. 

Moreover, a short sampling time is not significant from the human point of view 

and not relevant for daily life activities. Using a sampling time on the order of 

minutes, on the other hand, seems to lead to missed events, where the system fails 

to recognise activities. So, a recommended sampling time is about 3–5 seconds, 

and the system detects violent events based on the last 6-second sample. To enhance 

performance, one could also compare the current time window to the previous 6-

second sample. 

8.4 Implications of the results 

8.4.1 Ultra-short-term ECG signal analysis and integration to other 

similar systems 

There is a rising demand for methods to analyse ultra-short-term ECG signals, 

capable of evaluating the physical condition of patients immediately. In some cases, 

waiting for several minutes or even hours for a longer, acceptable, signal is not an 

option. Other applications, such as ECG-based biometric identification 

(Ferdinando et al., 2017b) and ECG-based pain detection, also take advantage of 

these methods. Applying standard HRV analysis to ultra-short-term ECG signals is 
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still at an early stage, and not all indices provide a good correlation between ultra-

short-term and acceptable length ECG signals (Shaffer & Ginsberg, 2017). 

Nonetheless, the methods proposed here may be useful for clinical medicine, 

biofeedback in computer gaming applications, affective computing and driver 

awareness studies.  

Although this work delivers promising results for classifying actions into 

violent or non-violent events based on ultra-short-term ECG signals, it also shows 

that the methods are not yet ready for integration with other modalities, such as 

video and audio. Deeper investigation and observation are necessary to find more 

suitable methods with generalized parameters. In addition, to be applicable to real-

time situations, the methods must be very fast. 

The results presented here were obtained by analysing data on a computer, 

instead of a smartphone. Implementing the proposed method on a smartphone is 

beyond the scope of this work. This task requires an extensive effort, involving a 

consideration of resource limitations on a smartphone, background applications, 

compatibility of the wearable sensors with the smartphone platform, etc. 

Since classifier fusion with other similar systems cannot use discrete classes, 

it is better to use a real number as classifier output. Limiting this real number to 

[0,1] allows it to be considered as the probability of a violent event. The simplest 

classifier fusion involves giving weight to each classifier output, representing its 

importance to the whole system.  

An adjustable threshold can be added to decide whether the classified event 

belongs to a category labelled as violent or non-violent. An adjustable threshold 

also enables tailoring the system to fit specific users’ need. Sensitive persons may 

be better served by a high threshold, while others may require a low threshold. 

8.4.2 Violent-event detection (VITEC) framework 

So far, research on violent event classification has been conducted individually and 

separately. There is no platform or framework that allows each individual work to 

be integrated into a single useful application. Such a framework would enable faster 

deployment of multimodal violent event classification. For this reason, this thesis 

proposes a framework called VITEC (VIolent event deTECtion) (Ferdinando et al., 

2019). 

The VITEC framework is based on the Sensor and Social Web (SEWEB) 

concept (Kinnunen et al., 2016) as a contribution from various disciplines to 

address violent event classification. SEWEB has been offered to protect children 
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and youth from various kinds of dangerous situations, including health issues and 

violence. It is about connecting wearable and mobile sensors to social media in 

human well-being applications. It involves technologies such as smartphone apps, 

cloud computing services, social media and wearable safety devices to process 

activity, location, voice, health-related and well-being information of the subjects. 

The system identifies and categorizes phenomena such as stress level, emotional 

state, mood and physical activity levels in various modalities and locations. The 

results are reported to some pre-defined contacts, for example, parents, school staff 

and authorities. 

The VITEC framework integrates violent event classification from the witness 

and victim perspectives with additional support systems, such as geographical 

location acquired from smartphone GPS, indoor location obtained from an RFID-

based system, reliable communication channels and a processing unit. The four 

main components that make up the VITEC framework are a primary and secondary 

detection system, a Personal Safety Network and a cloud computing service. The 

primary detection system is a collection of primary agents, i.e., systems, serving to 

detect violent events based on the victim’s point of view. The secondary detection 

system contains a number of CCTV cameras connected to local video processing 

functionality for the purpose of identifying violent events based on the witness 

perspective, see Figure 17. 

Together with the cloud service, the primary and secondary systems 

automatically track and report violent events, delivering an additional resource for 

child safeguarding. In addition, the VITEC framework provides an automatic 

reporting feature, which primary and secondary agents initiate by sending a 

message about suspicious events to the cloud service. If the cloud service confirms 

an event as violent, it is recorded in the database together with user ID, 

geographical location, date and time. Both primary and secondary systems depend 

on various research activities, as does the cloud service. In this way, the VITEC 

framework provides a platform for researchers from various fields to work together. 

It also encourages collaboration to deliver the best results. 

The Personal Safety Network is defined as the network of connections a user 

wants to be in touch with in case of emergency or a socially challenging situation 

(Kinnunen et al., 2016). Depending on context, it determines who should be 

notified of a suspicious event, considering location, type of situation, time, type of 

help expected, etc. As these factors determine the members of the Personal Safety 

Network, it is a dynamically reorganizing environment. For example, when a young 

person experiences violence on the street or on the way home from school, parents 
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and the nearest authority can be notified. VITEC includes parents by default and 

dynamically changes other members of the Personal Safety Network based on the 

current situational context. 

 

Fig. 17. VITEC, an online multimodal framework, consists of several primary agents (a 

smartphone and wearable sensors) and a number of secondary agents (CCTV 

connected to local video processing) as well as specific members of the Personal 

Safety Network connected to a cloud computing service (Reprinted with permission 

from Ferdinando et al., 2019 © 2019 ICST). 

Figure 18 displays the position of each component in the VITEC framework in a 

layer diagram. This is a general diagram, as detailed layers on communication 

channels between the different layers are not provided. However, these follow 

general data communication layer specifications, consisting of certain standard 

internet protocols between clients and servers. As shown in Figure 17, the core of 

VITEC contains primary and secondary agents, which detect violent events from 

the victim and witness perspectives. Each agent only sends a message to the cloud 

when it detects a suspicious event. 
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Fig. 18. Layer diagram of the VITEC framework presenting the position of each 

component and their interactions with other components (Reprinted with permission 

from Ferdinando et al., 2019 © 2019 ICST). 

The cloud computing service analyses signals sent by primary agents more 

thoroughly and combines them with information from secondary agents to decide 

whether or not a violent event has occurred. If it concludes that a violent event has 

indeed taken place or is taking place, the cloud service sends a notification to the 

contacts in the victim’s database. A double arrow between the young person and 

the cloud represents a confirmation notification sent by the cloud to the young 

person and a user-initiated notification from the young person to the cloud. 
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8.4.3 Study limitations and future work 

Acquiring acceptable data for the direct inference approach was a challenge, 

because the recorded data were corrupted due to movements that made the 

electrode-skin contact unstable. Moreover, the manual labelling process proved 

problematic due to synchronisation and psychophysiological response delays. As 

only a few signals recorded during violent events were acceptable, the results 

presented in this work do not warrant any generalizations. They do, however, 

encourage a further evaluation on a larger data set. 

This work found that variability within the samples for each subject was low, 

making feature performance correspondingly low in both subject-dependent and 

subject-independent scenarios. This fact was confirmed by high performance in the 

subject-specific scenario.  

Data collection simulations were performed by subjects belonging to the same 

cultural background. Cultural differences may affect their perception of violent 

events and should be taken into account when interpreting the results. 

The indirect approach recognised emotion as a stepping-stone to classifying 

ultra-short-term ECG signals as representing violent or non-violent events. The 

Mahnob-HCI database was chosen, because it was the only database that provided 

ECG signals for emotion recognition at the beginning of this present study. As the 

stimulation process used IAPS and clips, no actual physical violence was involved, 

and the applied emotional labels represent self-responses of the subjects to 

stimulated signals. This database was used to evaluate the proposed emotion-

recognition method. 

The experiments identified three main problems in the simulations, and solving 

them may improve signal integrity in future simulations. The first problem 

concerns wearable sensors. This study relied on a commercial wearable sensor, 

which suffered from a chest strap size problem. Developing a wearable sensor for 

this kind of simulation could have minimized the problem, but that was beyond the 

scope of this study. However, a design chest strap could be adjusted for children 

and contain sensors for multi-modal measurements, for example, EDA, respiration 

and rotational movement via gyroscope. Such a wearable sensor must have a 

guideline for chest strap instrumentation on children. This guideline needs to find 

a general trade-off between wearer convenience and ECG signal quality. The sensor 

must also include a warning alarm, notifying researchers of potential electrode-skin 

contact problems, so that they can be fixed immediately. 
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The second problem related to activities designed to induce violence-related 

features to biosignals. As stated previously, pushing out of square did not contribute 

as expected, so the activity must be redesigned or changed. This is a major 

challenge, because playing usually generates feelings of fun and excitement, rather 

than a feeling of being victimized. Perhaps this is the most expensive research 

activity, made even more challenging by the fact that the results cannot be evaluated 

directly after each simulation, before data from all experiments have been gathered 

and analysed. Even when accepted activities produce expected results, more 

simulations need to be performed to validate them. 

Future simulations must consider randomizing the perpetrator-victim pairs to 

add more variability, as suggested in Section 5. Involving more children in the 

simulations is another way of addressing the variability issue, but that requires 

using more sensors, leading to a longer preparation time. Another solution to 

variability is to involve more children as perpetrators. 

Experiments with real data are interesting, but it may be difficult to get ethical 

permission to perform them. Putting vulnerable victims in danger to obtain valuable 

signals for analysis presents an ethical dilemma that must be solved before going 

on. 

The third problem centered around the post-processing of simulation data. 

Manual synchronisation should be avoided by implementing an integrated 

measurement system. However, the main issue here concerns the manual labelling 

process, which failed to accommodate the psychophysiological response delay of 

the subjects. Even more challenging, this delay varies from person to person. 

More research is needed to get better feature extraction methods in addition to 

those discussed in this study. So far, the emphasis has been on characterising 

oscillations in IMFs. Methods without parameters are preferable, eventually 

leading to a general model of ECG-based violent event classification. 

This present study does not claim to offer a better solution than the approach 

based on video surveillance. Instead, these two strands of research could be 

integrated to provide a more practicable solution to school violence detection. 

Combined with results from the other sub-projects within the BulStop project that 

utilise motion and speech (Ye, Ferdinando, Seppänen, & Alasaarela, 2014; Ye, 

Ferdinando, Seppanen, Huuki, & Alasaarela, 2015; Han et al., 2018; Ye et al., 2018; 

Liu, Ye, Han, Li, & Alasaarela, 2019; Ye, Wang, Ferdinando, Seppänen, & 

Alasaarela, 2020) these approaches could produce a more robust system for 

detecting violence in schools.  
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In the future, results from various violent event classifications, based on body 

movements, surveillance video, audio, speech and biosignals, can be combined into 

a multimodal classification for improved accuracy. Once the technology is mature 

enough, violent event detection systems can be developed for the benefit of 

potential victims, in particular, and the entire society in general. 

The VITEC framework may open new avenues of research in various fields. 

Machine learning is a case in point, offering a wide range of research opportunities. 

For example, when employing primary and secondary agents, the optimum way to 

fuse the results from both agents is still an open question. Possibilities range from 

the simplest method, i.e., linear fusion with or without weights, to more complex 

methods, such as Bayesian Networks (Holmes & Jain, 2008). Another important 

example would be algorithms for choosing appropriate secondary agents based on 

location. It is possible to have several secondary agents, capable of contributing to 

violent event detection, but not all agents are necessarily useful. 

Perhaps what primary agents require most is a robust feature extraction method. 

ECG, for example, depends on methods able to obtain powerful features from only 

a few seconds of signal, which is very challenging. Methods to harvest features 

from acceleration and gyroscope signals are on the horizon, and advancements in 

mathematics and programming languages support them. Included in this part is a 

pre-detection algorithm running in the smartphone environment. 

Presently, primary agents rely on biosignals, such as ECG, EDA and 

acceleration/gyroscope signals. To the best of our knowledge, there is no wearable 

sensor able to measure them all. Adding new modalities may require new sensors, 

which are not yet available. For example, using EEG signals requires a new type 

of sensor, because wearing the available EEG sensor outside a laboratory or 

medical facility is not an option. This should motivate research on sensor 

development, such as a multi-modal wearable sensor with wireless connectivity 

and low energy consumption.  

Apart from this work, VITEC also draws insights from research in machine 

vision and hearing, network management, reliable data compression, ubiquitous 

computing, various optimisation algorithms, etc. As more and more people become 

aware of problems related to violent events in everyday life, one possible 

development could involve harnessing the power of the open source community, 

which characteristically aims at the public good, although a high turn-over among 

developers and other contributors may reduce the generational experience after 

several releases of a particular software product (Von Krogh, Spaeth, & Lakhani, 

2003). It opens the door for more innovation with a tremendous source of new 
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insights and possibilities in the spirit of rapid sharing and collaborative 

improvement (Von Krogh & Von Hippel, 2006). Open source software 

development is an iterative process, where someone initiates a software project and 

invites others to contribute to its continual improvement by adding more features 

and fixing/reporting bugs (Midha & Palvia, 2012). Widely regarded as having high 

quality and reliability, Linux provides an example of an open source project, with 

a host of contributors around the world (Hertel, Niedner, & Herrmann, 2003). One 

problem in open source software development is that as a project gets longer, its 

complexity increases, requiring a deeper knowledge and understanding. A module-

based approach can be used as development model, using the open-source approach, 

because it may increase a project’s transparency and lower barriers to contribution, 

especially for newcomers, and allow for specialization by enabling the efficient use 

of knowledge (Von Krogh et al., 2003). 
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9 Summary 

This work centred on addressing the issue of classifying events to either violent or 

non-violent using a direct and indirect inference approach, based on ECG signals 

measured from victims. The direct inference approach classifies events to violent 

or non-violent without any intermediate results, while the indirect inference 

approach does the classification based on emotions extracted from ECG signals. 

The main research question was “is it possible to classify events as violent and non-

violent by analysing ultra-short-term ECG signals of the victims?”. 

No database for event classification involving physical violence was found for 

the direct inference approach. Therefore, simulations involving pupils from 2nd 

and 5th grades were designed, and ECG and acceleration signals were measured. 

ECG signals were used for event classification, while acceleration signals helped 

to remove motion artefacts caused by the free random movements of the 

experimental subjects. For the indirect inference approach, the Mahnob-HCI 

database was used.  

Experiments on emotion recognition revealed that BEMD-spectrogram-based 

and BEMD-statistics-based features are superior to the other feature sets. However, 

since there is no agreement among psychologists concerning what emotions are 

present during acts of violence, this work encourages using empirical research 

methods to emotion mapping in physically violent events. In addition, the 

performance figures from this approach could not serve as a stepping-stone to 

classifying ECG signals as violent or non-violent, due to error propagation to next 

classifier. So, the indirect inference approach is not currently applicable. 

Experiments utilizing the direct inference approach revealed that BEMD-

spectrogram-based and BEMD-statistics-based features were more reliable than 

the other feature sets. Of these, BEMD-spectrogram-based features suffer from the 

use of generalised parameters to achieve best performance, while BEMD-statistics-

based features require no parameters. This present study found that BEMD-

statistics-based, BEMD-autocorrelation-based and BEMD-PSD-based features 

were promising for further exploration. 

Implications of this work include improving data collection by involving 

subjects from various ethnic backgrounds, standardising strap instrumentation, 

randomising perpetrator-victim pairs, finding new methods to induce a feeling of 

being victimized; motivating collaboration among researchers working in the same 

field through VITEC; and extending the proposed method to other applications, 
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such as emotion tracking in affective computing, clinical medicine and biofeedback 

techniques in gaming applications. 
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Appendix 1:  

 
Feeling meter 
 

 

Date: ___________________ Name:____________________________________ 

 

Tick the right choice: 

 

☐1st feeling meter  

☐2nd feeling meter 

☐3rd feeling meter 

 

 

Hint: Circle the figure, which best describes your feelings just now.  

 

1. How am I feeling now (bad – good)? 

 

At this end I feel: At this end I feel: 

- bad - good 

- tedious - glad 

- unfair - joyful 

- inconvenient - happy 

- sad 

- angry 

- fearing 

  



122 

 

2. How am I feeling now (quiet – restless)?  

 

At this end I feel myself: At this end I feel myself: 

- silent - uncontrollable 

- quiet - restless 

- peaceful - that I should do something 

 - impossible to be still and motionless 

 

 

 

 

3. How am I feeling now (small – big)?  

  

At this end I feel myself: At this end I feel myself: 

- small - big 

- insignificant - powerful 

- weak - strong 

- underrated - accepted 

- oppressed - valued 

- repressed - respected 
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