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LOW-COST PORTABLE WIRELESS ELECTROENCEPHALOGRAPHY TO DETECT
EMOTIONAL RESPONSES TO VISUAL CUES - VALIDATION AND POTENTIAL
APPLICATIONS

Abstract

This paper validates the using a low-cost EEG headset — Emotiv Insight 2.0 — for detecting emotional
responses to visual stimuli. The researchers detected, based on brainwave activity, the viewer's emotional
states in reference to a series of visuals and mapped them on valance and arousal axes. Valence in this
research is defined as the viewer’s positive or negative state, and arousal is defined as the intensity of
the emotion or how calm or excited the viewer is. A set of thirty images — divided into two categories:
Objects and Scenes — was collected from the Open Affective Standard Image Set (OASIS) and used
as a reference for validation. We collected a total of 720 data points for six different emotional states:
Engagement, Excitement, Focus, Interest, Relaxation, and Stress. To validate the emotional state score
generated by the EEG headset, we created a regression model using those six parameters to estimate
the valence and arousal level, and compare them to values reported by OASIS. The results show the
significance of the Engagement parameter in predicting the valence level in the Objects category and the
significance of the Excitement parameter in the Scenes category. With the emergence of personal EEG
headsets, understanding the emotional reaction in different contexts will help in various fields such as
urban design, digital art, and neuromarketing. In architecture, the findings can enable designers to generate
more dynamic and responsive design solutions informed by users’ emotions.
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ABSTRACT

This paper validates the using a low-cost EEG headset — Emotiv Insight 2.0 — for detecting
emotional responses to visual stimuli. The researchers detected, based on brainwave activity, the
viewer’s emotional states in reference to a series of visuals and mapped them on valance and
arousal axes. Valence in this research is defined as the viewer’s positive or negative state, and
arousal is defined as the intensity of the emotion or how calm or excited the viewer is. A set of
thirty images — divided into two categories: Objects and Scenes — was collected from the Open
Affective Standard Image Set (OASIS) and used as a reference for validation. We collected a total
of 720 data points for six different emotional states: Engagement, Excitement, Focus, Interest,
Relaxation, and Stress. To validate the emotional state score generated by the EEG headset, we
created a regression model using those six parameters to estimate the valence and arousal level, and
compare them to values reported by OASIS. The results show the significance of the Engagement
parameter in predicting the valence level in the Objects category and the significance of the
Excitement parameter in the Scenes category. With the emergence of personal EEG headsets,
understanding the emotional reaction in different contexts will help in various fields such as urban
design, digital art, and neuromarketing. In architecture, the findings can enable designers to
generate more dynamic and responsive design solutions informed by users’ emotions.

Keywords: Electroencephalography; Emotion Detection; Open Affective Standard Image Set;
Emotiv Insight

udla

Lkl lilainy) GLEsY - Emotiv Insight 2.0 - 44l dcaisin EEG ol delaw aladiul (e 485l 028 (38a
e Aale 5 LaYL aaliaall £abladl eV ¢ delaall il gall Llis e 3l ¢ o sialdl (il Ay pad) cilgaiall
sl Aa) alial Alls il e il 13 8 S Gy s oy 5 EY 1 S slae e U san s el ) seall
mﬁa_o)}‘auu)uw@)m@;(u m\.A;J\JAM\ ;}.AAL;M}\ubw‘am\.@\k;sa)b}”&_u)ueuj‘w\
Oaésam‘):J:n};up‘yuemyu;fs)m}s)uy\,gpm;:«A&@};@g\mm@ugmw.@yu
S (6 gine ] Ad) Cilaleall @l aladiuly laasd) B3 e Wil (EEG delaw oo dadlil) dhla) Al da
;my\u‘;ﬁﬁlawym\g.stM\uumi@w)@LS 0A5|s@u¢iwd\ﬁﬂug_u)uw‘ww\}
Mmu\ﬂhu@@khj\daﬁj\dje@u\ﬁ W\ EEGw\)uEm)}@k@ MM\‘L\B@::J\JY\‘LA&MMU
@MU&‘MJM\ML@\J&@ qua:d\wyﬂ\)wﬁj\uﬂ\}d)aaﬂ\@m‘duuy@\mgmm
UAAM\)QMMJMMMUMSMMJJAS\MJJBchu\qu\uSmu\

i) i g ciilalal) Fall ) gom e sana chidalall aun e Loall iy jeS aslads spalidal) cilalgl

Published by Digital Commons @ BAU, 2023


mailto:ahmedmarey@aucegypt.edu
mailto:sherifg@aucegypt.edu

Architecture and Planning Journal (APJ), Vol. 28, Iss. 3 [2023], Art. 25

1. INTRODUCTION

Spaces play a considerable role in affecting human psychological mood, whether
positively or negatively (Elsamahy, 2018). The study of the effect of the built environment on
the quality of life has been given a continually increasing interest over the past few years due to
its importance in regulating psychological mood — especially stress, which is defined as “The
non-specific response of the body to any demand made” (Ellison & Maynard, 1992; Selye,
1974, 1977). According to Tugade and Fredrickson (2006), regulating positive emotional
experiences promotes resilience to stressful events. On the other hand, Kopp (1989) discusses
the importance of controlling negative emotions and distress from a developmental perspective.

The topic of emotional responses has paved its way in the field of neuroscience research.
The hypothesis that hedonic items elicit from consumers more intense emotional responses and
sensations than utilitarian products has been developed by researchers over the year (Bagozzi et
al., 1999; Kempf, 1999; Allen et al., 2005; Hassenzahl, 2018). However, a recent study casts
doubt on the fundamental difference between the emotions evoked by hedonistic and utilitarian
items, demonstrating that hedonistic offers only elicit stronger feelings in a segment of
customers (Drolet et al., 2007). Bettiga et al. (2020) contend that the contradiction is not caused
by the absence of emotions in and of themselves but rather by the character of the emotions
appraised, which is solely dependent on their empirical assessment.

The sensory information we receive from our environment significantly impacts how we
feel and act (Turley & Milliman, 2000). Most studies on human emotional reactions to
environmental characteristics still concentrate on several well-defined and restricted sensory
aspects of the environment, although we live in highly diffuse multisensory environments and
despite growing interest from various application domains (Schreuder et al., 2016). As a result,
systematic knowledge concerning effective multimodal interventions that produce desired
results is still lacking (Jain & Bagdare, 2011; Oakes & North, 2008; Turley & Milliman, 2000).
As we live in a dynamic environment where factors cannot be considered independently, we
hypothesize that understanding brainwave activity should overcome the limitations of traditional
tools.

In the context of the built environment, emotional regulation through design, despite its
significant potential for creating personalized design solutions, remains largely an undeveloped
research area. Until now, the study of human emotional responses to visual cues depends
heavily on pooled responses to surveys, which require large samples for validation and
consequently eliminate individual differences in emotional responses. As such, this study
focused on validating an objective low-cost tool, namely portable wireless
electroencephalography, in studying human emotional responses to visual cues. While this study
focuses on validating the tool, it will pave the road for more personalized design solutions in
built spaces.

The paper first presents some background for the topic, highlighting the different models
and tools previously employed in such investigations. The methodology of the article is then
presented, and the methods utilized in the validation and analysis are justified using recent
similar work. Then, the results of the study are presented and discussed. Finally, the conclusion
underscores the key findings, discusses their potential applications in the computational design
field, and offers recommendations for future studies.

2. BACKGROUND

The circumplex model of affect (Russell, 1980) and its variant (Larsen, 1992) have been
readily studied in the literature and were proven reliable in mapping and detecting human
emotions. The model explains that emotions are disseminated in “a two-dimensional circular
space.” Those two dimensions are defined as arousal (excitement or activation) and valence
(positivity or pleasantness). The valence level is represented on the horizontal axis, and the
arousal, on the other hand, is expressed on the vertical axis, in which the circle’s center point
represents medium valence and arousal levels (Figure 1). The choice of identifying the valence
and arousal levels was based on the fact that almost all other emotions can be classified into the
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orthogonal dimensions, including the six basic emotions, which are based on the work of Ekman
and Friesen (1976). The model is still widely used in emotional studies (Han et al., 2022;
Lipovac et al., 2022; Conrad, 2022)

Arousal
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Angry Delighted
Frustrated Happy
<«—negative neutral positive—»\alence
Depressed Content
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Fig.1: The circumplex model of affect (Russel, 1980)

For psychologists, the concepts of emotion and mood pose a challenge. Although the
terms are commonly used interchangeably, most academics concur that the structures they stand
for are separate yet closely connected phenomena. In addition, language does not necessarily
reflect psychological reality, as Ekman (1994) noted. The fact that we may distinguish between
emotion and mood does not necessarily imply that they are different; any distinction may be
entirely semantic. The foundation of science is conceptual clarity, and various thinkers have
recognized the current jargon confusion (Alpert & Rosen, 1990; Batson, Shaw, & Oleson, 1992;
Bless & Schwarz, 1999).

The proposed distinctions cover a wide range of differences, from behavioral and social
factors to neurological and physiologic ones. A psychophysiologist, like Panksepp (1994), might
choose to distinguish the two by contrasting their respective neural or somatic correlates,
whereas a psycholinguist, like Wierzbicka (1992), might choose to emphasize semantic
distinctions in everyday language. Distinctions are frequently based on the researcher’s
particular area of interest. Of course, it seems likely that emotion and mood differ along more
than one criterion, and it is simple to understand how variations in their underlying
physiological processes would result in variations in phenomenal experience, which would then
result in variations in expression, behavior, and linguistic descriptions of the two states.

The study of emotional responses to art had its leading tradition, including Daniel
Berlyne’s psychobiological model, embodied by the “new experimental aesthetics” movement
of the 1970s, followed by many pieces of research such as the International Affective Picture
System (IAPS) and the Open Affective Standard Image Set (OASIS). All the mentioned pieces
of research did not test the viewer’s emotional response but instead focused on the emotions
embodied in the pictures (i.e., the tests were image-focused, not internal state-focused). In
addition, the results were collected from participants using traditional surveys, which are open
to subjectivity from participants. Additionally, pooled responses and mean values recorded
through surveys tend to eliminate outliers, which could be important to study to understand the
variety of emotions different people experience in response to visual cues.
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Many published papers focus on emotion detection from facial recognition using artificial
intelligence, such as the one presented by Jain et al. (2018). However, Rhue (2018) gives proof
that a person’s race affects how facial recognition software reads their emotions. The study
contrast the emotional analysis provided by two different facial recognition services, Face++
and Microsoft Al, using a publicly accessible data set of images of professional basketball
players. Both services perceive black players as more likely to experience negative emotions
than white players. Even after accounting for smile intensity, Face++ continually perceives
black players as more irate than white players. Microsoft views black players’ equivocal facial
expressions as more scornful than anger, and it registers contempt as opposed to anger. Garcia
and Penichet (2017), there are five main ways for emotion detection — facial expressions, body
gestures and movements, psychological state, speech, and text — using technology. For this
research and to avoid bias created using Al, we opted for EEG and brainwaves as they would
lead to the most accurate results and avoid any racial baises.

Blanco et al. (2019) used low-cost wireless electroencephalography (EEG) headset to
guantify the human response on a single-trial basis in relation to various cognitive states.
Ramirez et al. (2015) also introduced a neurofeedback approach to treat elderly people
diagnosed with depression using music. The users were allowed to manipulate expressive
parameters in music performances using their emotional state. The results showed a significant
decrease in alpha activity, which can be interpreted as an improvement in the depression state.
Li (2020) has stated that emotions are not always detectable using traditional models, and it
would be useful if a computer could understand or detect the user’s emotions. Emotiv’s SDK
was utilized, which gave him access to four measurements: Engagement, Excitement,
Meditation, and Frustration. Although those measurements were useful for the pilot study, he
was concerned by the validity and reliability of those indicators.

Age-related changes in the relationships between the brain and behavior can be studied
using a variety of research approaches, according to developmental experts. Many people
believe that one of the most effective and reasonably priced techniques for examining these
developmental changes is the electroencephalogram (EEG) (Bell & Cuevas, 2012), which is
defined as a technique for capturing an electrogram of the scalp’s electrical activity, which has
been demonstrated to represent the macroscopic activity of the brain’s surface layer beneath.
According to Bell and Cuevas (2012), scientists like the EEG because it makes it possible to
examine developmental changes without significantly affecting continuing normal behaviors.
They have employed EEG methods to investigate relationships between brain electrical activity
and working memory performance during early childhood (Wolfe & Bell, 2004) and
toddlerhood (Bell, 2012, 2001), as well as recall memory performance (Cuevas, Raj, & Bell,
2012). Additionally, we have described the month-to-month variations in infant brain
development using EEG (Bell & Fox, 1992, 1994; Cuevas & Bell, 2011).

To conclude the background of this study, we validate utilizing low-cost, portable EEG
headsets for the emotional detection of the six measurements indicated before in relation to the
valence and arousal reported in the OASIS. Said otherwise, we transform the emotional data
received from the EEG headset onto The circumplex model of affect (Russel, 1980). We use a
validated set of visual cues, namely the OASIS dataset, to carry out this transformation.

3. METHODOLOGY
3.1. Materials

The images displayed in this study are from OASIS (Kurdi, 2017), which is obtained
initially from online sources such as Pixabay, Google Images, and Wikipedia (Kurdi &
Banaji, 2016). This set of images was chosen because of their availability and relation to
the type of emotions being tested. The standard size of the images is 500 x 400 pixels. 30
images were chosen from the dataset based on three primary criteria. 1) Their valence and
arousal levels in order to present the whole spectrum of results (Figure 2). 2) Their
standard deviation results from the OASIS dataset to have the minimum variation between
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different individuals. 3) Their level of appropriateness to be presented in the culture of the
experiment. So, for instance, we opted not to choose images with explicit sexual activity.
Also, to ensure that the responses are a mere indication of an instant emotional state, each
image was displayed for a maximum of 10 seconds. The images are categorized by *”
’OASIS’s first and second authors “merely to facilitate the use of the stimulus set.” The
categories used in this study are scenes and objects.

Distribution of Valence and Arousal Values

2
6
5 ®
= e o, ’.d
g .| .~
=
<< ®
3 o Y ®e
® ®
2 PO ® ® [ ] \ ®
o
1
1 2 3 4 5 6 7
Valence

Fig.2: Distribution of Valence and Arousal Values

An Electroencephalography (EGG) headset — Emotiv Insight 2.0 (EMOTIV Insight
2.0 - 5 Channel Mobile Brainwear® - EMOTIV) — was used to translate the participants’
psychological signals into six measurements in a 100-grade point system. Those
measurements are Engagement, Excitement, Focus, Interest, Relax and Stress. The
headset manufacturer provides computer software (EmotivBCl) which — as described by
the manufacturer — is a technology that enables you to operate devices directly using your
brain activity, as opposed to using a mouse, keyboard, touchscreen, or voice as an
intermediary interface. Brain waves are transformed into digital signals via EMOTIV
technology, which may then be used to operate an infinite variety of digital outputs,
including games, Internet of Things (10T) devices, communication tools, and audio/visual
material. We used the Performance Matrix, which allows passive, ongoing control
depending on the current cognitive state, including focus, excitement, interest,
engagement, stress, and relaxation indicators.

3.2 Sampling

The first step entailed attaining the approval of the Institutional Review Board at the
American University in Cairo. To follow the IRB recommendations, participants were
allowed to leave the experiment at any time they felt uncomfortable without giving an
explanation.

Two sampling strategies were used for recruiting participants: 1) Quota Sampling, in
which random participants are selected, ensuring that specific characteristics — such as
gender — are equally represented to reach a more universal result. 2) Referral/Snowball
sampling in which participants refer us to others interested in the study as they might be
challenging to locate given the current circumstances. Since we do not have the participants
contact info, a recruitment survey was open to the public on different platforms in which
they provided their contact and demographic information to ensure their eligibility for
participating in this research following the quota sampling strategy and the minimum age
required — 18. The selected participants were contacted by phone or email, depending on
their preference indicated in the recruitment survey, to specify a timing to experiment. The
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experiment was conducted in a controlled environment to measure the specified variables
without external influences.

3.3 Procedure

Each participant was assigned the 30 chosen images — samples are shown in Figure 3
— from the 900 images dataset. This technique is mainly used to avoid participant fatigue
(Fernandez-Caballero, 2016). The experiments took place in a closed office environment,
and each participant was examined individually to prevent any unexpected data
contamination. The participants would be seated comfortably in a chair facing a large
screen and were asked to relax and breathe. The research team greeted the participants
pleasantly to reduce their stress. Before wearing the headset, the participants are given a
general description of the study and the definition of the different aspects being measured.
The headset was then placed, and the contact of the sensors on the participant’s head using
the provided software.

Each image was shown to four participants, and their brainwave activities were
recorded along with the images being displayed. Additionally, the research team took notes
of any abnormal activity conducted on the software as it might result from an external
factor, which further helped the data modeling process. After the completion of the
experiment, participants were asked to fill out a standard questionnaire, including gender,
age, etc. They also had an exit interview in which they were asked about their overall
feedback on the experiment and how to improve the surrounding conditions if possible.
Due to the time constraints, we could present the result of four participants: 3 females and
1 male. We also cross-referenced the result and found no significant variation between the
two genders in the six aspects tested.

3.4 Data Analysis

The images used in this study can be divided into two categories according to Kurdi
(2017): Objects and Scenes. Each of these categories was studied independently to have
more accurate results and insights into the triggers of emotional responses. The six
emotional states were tested to see if there is any direct correlation between them and the
valence and arousal values indicated by OASIS, and a linear regression model using the six
emotional responses was created to identify the prediction accuracy of those responses in
relation to valence and arousal levels in the two indicated categories.

4. RESULTS

First, we tested the results’ normality for the six emotional states — Engagement (En),
Excitement (Ex), Focus (Fo), Interest (In), Relax (Re), and Stress (St) — using Shapiro-Wilk
test. The results showed that distributions for En, Ex, Re, and St indicate a significant departure
from normality, so we concluded that the distributions are not normal. Second, we analyzed the
correlations between those parameters and the score values reported by OASIS dataset for
valence and arousal using Spearman’s rho for nonparametric data and Pearson for parametric
data. The results also showed no direct correlation between any of the six emotional states
tested and valence or arousal values extracted from OASIS. We opted to create multiple linear
regression models for estimating valence and arousal values using the six parameters. Two
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models were created for the valence estimation: each for a category of images and the same for
arousal estimation. Results of valence prediction are shown in Tables 1 and 2.

Table 1: Significance of Coefficients to estimate valence in the scenes category

Coefficients ab

Standardized

Unstandardized Coefficients Coefficients

Model B Std. Error Beta t Sig.

1 (Constant) -20.095 14.996 -1.340 .205
En-mean 204 158 527 1.290 222
Ex-mean -.203 .098 -.924 -2.072 .060
Fo-mean -.289 184 -.367 -1.572 142
In-mean 547 .290 458 1.887 .084
Re-mean .091 .263 281 .347 735
St-mean .073 421 137 173 .866

a. Dependent Variable: Valence
b. Selecting only cases for which Category = Scenes

The model for the valence estimation in the scenes category yielded an R? value of 0.527,
which is better than all the correlation values indicated above. On the other hand, the estimation
of valence in the objects category yielded an R? result of 0.929.

Table 2: Significance of Coefficients to estimate valence in the objects category
Coefficients ab

Standardized
Unstandardized Coefficients  Coefficients

Model B Std. Error Beta t Sig.

1 (Constant) -46.386 26.006 -1.784 149
En-mean .370 .057 1.184 6.474  .003
Ex-mean -.035 .043 -.159 -812 462
Fo-mean .018 .084 .046 216 .839
In-mean 901 .616 421 1464 217
Re-mean .323 .207 .669 1559  .194
St-mean -.559 379 -.911 -1.475 214

a. Dependent Variable: Valence
b. Selecting only cases for which Category = Objects

The R? values for the arousal regression model for the scenes category and objects
category are 0.210 and 0.539, respectively. The coefficients significance results are shown in
Table 3 and 4.

Table 3: Significance of Coefficients to estimate arousal in the scenes category
Coefficients ab

Standardized
Unstandardized Coefficients Coefficients

Model B Std. Error Beta t Sig.

1 (Constant) 4.258 13.172 .323 752
En-mean -.132 139 -.503 -.952 .360
Ex-mean -.029 .086 -.193 -334 744
Fo-mean 199 161 373 1.233 241
In-mean .043 .255 .054 A71 .867
Re-mean .260 .231 1.175 1.122 .284
St-mean -.307 .370 -.852 -.830 423

a. Dependent Variable: Arousal
b. Selecting only cases for which Category = Scene
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Table 4: Significance of Coefficients to estimate arousal in the objects category
Coefficients ab

Standardized
Unstandardized Coefficients  Coefficients

Model B Std. Error Beta t Sig.
1 (Constant) -53.965 45.885 -1.176 .305
En-mean -.008 101 -.037 -.078 941
Ex-mean 122 .076 .807 1.616 181
Fo-mean .081 149 297 .546 .614
In-mean 1.510 1.086 1.020 1.390 237
Re-mean 564 .366 1.687 1.542 .198
St-mean -1.194 .668 -2.813 -1.786 .149

a. Dependent Variable: Arousal
b. Selecting only cases for which Category = Object

The results prove our initial hypothesis that a low-cost, portable EEG headset can be used
for emotional detection, especially when the visual cues fall under the category of objects. Also,
it is easier to accurately predict valence than to predict arousal using the six emotional states
mentioned before. It is also worth noting that there are discrepancies between the significance of
different emotions to predict valence or arousal when the category chances. For example,
engagement showed the highest significance in predicting valence in the objects category. On
the other hand, excitement was the most significant predictor of valence in the scenes category.
Similarly, stress showed the highest significance in predicting arousal in the objects category
and focus, on the other hand, focus showed the highest significance in the scenes category.

5. DISCUSSION & CONCLUSION

This paper validates the usage of low-cost, portable EEG headsets for emotion detection.
The findings support the initial hypothesis and prove that valence and arousal levels can be
accurately predicted using six emotional states: Engagement, Excitement, Focus, Interest, Relax,
and Stress. The study sets a cornerstone for further research in different fields as the EEG
headsets are widely available and expanding as the new “Fitbit for the brain.” Using EEG
signals yields unbiased, accurate results, which can be used to inform decisions in a variety of
contexts. Also, it opens up the door for emotional regulation. The idea of emotion regulation in
multiple contexts has been proposed in previous studies.

David and Oltean (2015) work titled: “Technology use in promoting effective emotion-
regulation: Applications in the workplace, parenting and for children” investigated different
emotion regulation strategies using virtual reality, robotics ... etc. However, technology was
only used to create different contexts and understand the skills required for the regulation. On
the other hand, the smart architecture by Fernandez-Caballero et al. (2016) showed direct real-
time implementation of technologies and frameworks in emotion detection and regulation.
However, due to the complexity of their proposal, the multiple monitoring systems they are
using, and the sensitivity of the environment they are operating in, it is concluded that the
success of such a project is highly dependent on the acceptance of experts and patients.

Using portable, wireless EEG headsets can overcome such a problem. With the
emergence of virtual realities and metaverse, understanding the emotional reaction to different
contexts is a crucial step. We think that in the upcoming years, Oculus — the most known VR
headset — shall integrate brainwave sensors which will add to the experience of users to a great
extent. Such an implementation will significantly affect our approach to designing architectural
spaces. Kim, Park, and Choo (2021) found significant differences between the ratio of alpha and
beta waves for subjects experiencing a VR space with varied architectural aspects. However,
this type of data is only understandable by experts in the field. The validation of low-cost
portable EEG headsets in accurately detecting emotions can provide more insights to the general
public about their feeling and preferences of the built environment. In addition, collecting
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analytics from individuals living in the same environment can provide more significant insights
to designers and policymakers into ways of positive, informed interventions.
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