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ABSTRACT
Future human computing research could be enriched by
enabling the computer to recognize emotional states from
observers’ physiological activities. In this paper, observers’
electrodermal activities (EDA) are analyzed to recognize 7
emotional categories while watching total of 80 emotional
videos. Twenty participants participated as observers and 16
features were extracted from each video’s respective EDA
signal after a few processing steps. Mean analysis shows that
a few emotions are significantly different from each other,
but not all of them. Our generated arousal model on this
dataset with these participants using their EDA responses
also differs a little from the abstract models proposed in
the literature. Finally, leave-one-observer-out approach and
neural network classifier were employed to measure the
performance, and the classifier reaches up to 94.8% correct-
ness at the seven-class problem. The high accuracy inspires
the potential of this system to use in future for recognizing
emotions from observers’ physiology in human computer
interaction settings. Our generation of an arousal model for
a specific setting has potential for investigating potential
bias in dataset selection via measuring participant responses
to that dataset.
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1 INTRODUCTION
Emotions are a vital aspect of human life and they highly
influence our day-to-day activities and decisions. In addition,
they play a crucial role in daily social interaction. Therefore,
emotion recognition is becoming an increasingly popular
topic among researchers. There are various verbal and non-
verbal behaviors that helps to recognize different emotions.
Some of the common nonverbal human behaviors are: facial
expressions, gestures, postures, body movements etc. How-
ever, these behaviors often do not always reflect true human
emotions as they can be manipulated or controlled. In this
regard, physiological signals can be considered as a strong
measurement to detect emotions as they cannot be easily
modified. Physiological signals such as electrodermal activ-
ity (EDA) and respiratory activity have shown sensitivity to
change of emotions [11]. Thus, emotion recognition using
physiological signals has become a topic of interest for the
last few years. This research has a range of applications such
as stress detection, anxiety measurement, human computing,
evaluating human-computer interaction, and so on.

A number of papers in the literature have shown the util-
ity of physiological signals in identifying different emotions.
Studies have been conducted using images, videos, music
and text to elicit different emotions. Jang et. al. [10] used dif-
ferent types of sound to elicit three different types of emotion
(boredom, pain, surprise) and analyzed a set of physiological
signals from participants’ to achieve 84.7% classification ac-
curacy. Picard et al [14] used personalized imagery to elicit
emotion on one participant using a number of physiological
signals and achieved an accuracy of 81% for eight emotion
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categories. Kim et.al. [12] uses a combination of audio and vi-
sual stimuli to predict three categories of emotion using elec-
trocardiogram, skin temperature variation and EDA. They
were able to achieve 78.4% accuracy for classifying three
emotion categories. Signals such as skin temperature, heart
rate have shown to achieve high accuracy of 98% in text
based stress recognition model [18]. Emotion recognition
using other nonverbal behavior such as facial expression and
gestures have demonstrated a comparatively lower accuracy
than physiological signals [5, 13].

In this paper, we analyze the effects of participants’ EDA
responses while watching a set of emotional videos as ob-
servers are good at categorizing emotions [21] and at recog-
nizing facial expression [9]. After processing the collected
EDA data, 16 linear and non-linear features are extracted
and finally, evaluated by mean analysis and classified using
neural network (NN).

2 METHODS
Observers
Twenty participants (14 female and 6 male) took part vol-
untarily in this experiment. The mean age was 23 years old
with a standard deviation of 5.8. All the participants were
asked to sign a written consent form before their voluntary
participation in the study. This study was approved by the
Human Research Ethics Committee of The Australian Na-
tional University (ANU).

Experiment Design
The Acted Facial Expressions In TheWild (AFEW) dataset [3]
has been used for the purpose of this experiment. Each par-
ticipant watched a total of 80 videos which were divided into
7 categories. They are: Anger, Disgust, Fear, Happy, Neutral,
Sad and Surprise. All the videos were around 2-3 seconds in
length. Participants were asked some general demographic
questions at the beginning of the experiment. After watching
each video, they were asked to rate the genuineness of the
video in a 5-point rating scale (’Completely fake’, ’Surface
acted’, ’Don’t know’, ’Deep acted’, and ’Completely real’).
They were also asked to rate their confidence level on their
answer using a 5-point scale (1 being not confident at all and
5 being very confident). They were also asked if they had
seen the video before or not.

Data Collection and Processing
EDA data was collected using Empatica E4 wristband with
a sampling rate of 4 Hz [4]. Data collected in these kinds
of experiments are highly susceptible to noise due to move-
ments by the participants. Therefore, we normalized the data
using min-max normalization technique and smoothed using
median filter [17].

Feature Extraction
A total of 16 features (linear and nonlinear) were extracted
[1, 2, 19] from the processed data to reduce the computational
cost of analysis [20] as listed below.

• Mean - Mean is calculated from the filtered EDA sig-
nals over the length of watching one video category.

• Root Mean Square - This indicates the mean power of
EDA signals over a fixed length.

• Variance of EDA Signals - Shows the average value of
the power of EDA signals.

• Integrated EDA - This feature represents the abso-
lute summation of EDA value over the fixed window
length.

• Simple Square Integral - It indicates the summation of
the absolute power of EDA signals.

• Average Amplitude Change - This feature is calculated
by first finding the difference between two consecutive
samples, then averaging them over the fixed window
length.

• Hjorth Parameters - These parameters are commonly
used in signal processing of physiological signals. We
calculate the parameter mobility which measures the
standard deviation of the slope of signals with respect
to standard deviation of the amplitude of the signal.

• Hurst Exponent - This non-linear feature indicates the
complexity and correlation properties of physiological
signals.

• Entropies - Entropy represents the randomness in phys-
iological signals. We calculate 5 types of entropy for
the features. They are:
– Sample Entropy - Measures complexity without tak-
ing self-similarity into account (uses distance be-
tween two signals)

– Approximate Entropy - Measures complexity using
self-similarity of signals

– Shannon’s Entropy - Measures randomness uncer-
tainty in signals.

– Permutation Entropy - Calculates complexity of time-
series data based on analyzing various permutation
patterns.

– Fuzzy Entropy - Ameasurement to calculate ambigu-
ous uncertainty in signals

• Log Detector - This is an important non-linear feature,
which is calculated by the average logarithm over the
fixed window length.

• Difference Absolute Standard Deviation Value - It is
calculated by the standard deviation between two con-
secutive signals.

• Detrended Fluctuation Analysis - Determines the self-
similarity level of physiological signals.
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3 RESULTS AND DISCUSSION
Mean Analysis
From the set of extracted features we chose mean values of
all participants in every emotion category and performed
some statistical tests on that data. Figure 1 shows the mean
values for the 7 emotion categories:

Figure 1: Mean values of EDA for 7 Emotion Categories
(Range 0.3-0.5 chosen for better visualization)

Anger
Disgust 0.234
Fear 0.492 0.141
Happy 0.093∗ 0.203 0.067∗
Neutral 0.126 0.407 0.105 0.287
Sad 0.336 0.157 0.214 0.007∗∗ 0.157
Surprise 0.073∗ 0.022∗∗ 0.029∗∗ 0.005∗∗ 0.015∗∗ 0.021∗∗

Anger Disgust Fear Happy Neutral Sad
Table 1: T-test Values for All Pairs of Emotions

It has been shown in Figure 1 that observers feel high and
low cognitive load while watching Surprise andHappy videos
compared to other emotional categories. To find the differ-
ences between emotion pairs, we performed a two-tailed
permutation test. The test is applied here to identify the time
points where EDA is different between two emotions. Over
the analysis, we found 4 emotion pairs (Disgust-Surprise,
Happy-Sad, Happy-Surprise, Neutral-Surprise) significantly
differ from one another (p < 0.05). The analysis technique
is very similar as found in [8]. We also analyzed every pair
of emotions using T-test and the results showed statistical
significance (p < 0.05) for 6 pair of emotions. They are:
Happy-Sad, Happy-Surprise, Disgust-Surprise, Fear-Surprise,
Neutral-Surprise and Sad-Surprise. Table 1 shows the signif-
icance value for all pair of emotions. The numbers with ∗

and ∗∗ are the pairs that show meaningful differences. The
numbers with ∗∗ show significant labels at 95% confidence

interval, while numbers with ∗ shows significance only at
the 90% confidence interval (illustrated to show these values
are close to our normal significant interval of 95%).

We can visualize this relationship using an emotion model,
which is a two dimensional model based on valence and
arousal level of emotions frequently used in the area of af-
fective computing [16]. Valence refers to intrinsic goodness
or badness while arousal corresponds to alertness/response
readiness [15]. The arousal model for the 7 emotions is shown
in Figure 2. We call it an arousal model, because we did not
consider valence as a measurement reference as yet, but
hopefully will consider it in the future. The valence levels
are kept same as the original model.
From Figure 2, we can see that surprise has a very high

arousal value compared to all other emotions. Therefore, it
is able to show significant difference with all other emotion
except another high arousal emotion anger, and there it is
close to being significant (p=0.73). The feature is also able to
differentiate between a high valance high arousal emotion
(Happy) and a low valence low arousal emotion (Sad). We
can also see from Figure 2 that if we consider neutral as
a reference line then happy and sad are not located in the
position proposed for arousal models widely in the literature.
Happy is a high arousal high valence emotion and sad is a
low arousal low valence emotion according to the literature.
But based on our data we can see happy is showing low
arousal and sad is showing high arousal. This is possible
from observers’ perspective perhaps because when they are
watching sad videos they feel sad, but maybe when watching
happy videos (more common than seeing sad videos) they
take them normally. Comparing it with more emotions in all
of the categories will help us to understand this phenomenon
in greater detail.

Evaluation Measures
We report the classification accuracy of the system, that
shows the percentage of the system predicting the video
category correctly. Along with the accuracy, we also calcu-
late F-measure, which is a commonly used evaluation mea-
sure represented by the harmonic mean of precision and
recall. Precision refers to the fraction of the predicted labels
matchedwhile recalls refers to the fraction of reference labels
matched. We also report the precision, recall (also referred
as sensitivity), specificity (true negative rate) and geometric
mean values (measure of central tendency).

Classification
The classification process was done using MATLAB R2018a
software with an Intel(R) Core(TM) i7-5200U processor with
3.60 GHz, 16.00 GB of RAM andMicrosoft Windows 10 Enter-
prise 64-bit operating system. The labels were given accord-
ing to the 7 video categories mentioned in the experiment
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Figure 2: Arousal models of emotion: left = Standard abstract model; middle/right = data derived (Neutral/Mean as reference)

design. A leave-one-observer-out process was performed
to distinguish among the 7 emotion categories. A simple
pattern recognition network was employed which consisted
of one input layer, one hidden layer and one output layer.
The hidden layer was constructed using 30 hidden nodes.
The model achieves a total of 94.8% accuracy based on the
average of 20 runs. Figure 3 shows the accuracies of all 7
emotional categories.

Figure 3: Classification performances while observers were
recognizing seven emotions (Range 90-100 chosen for better
visualization)

We also demonstrate all evaluation measures, which are
calculated on the average result of all categories (please see
Table 3). Geometric mean and harmonic mean values pro-
vide more useful information than arithmetic mean when
comparing groups having different properties [7].
From Table 3 it is evident that the neural network model

achieves high score in both F-measure and Geometric mean.
So this model is effective for EDA signal based emotion recog-
nition problem.

F-measure Precision Recall Specificity G-mean
0.842 0.753 0.958 0.947 0.952

Table 2: Evaluation measures for classifying among seven
emotional categories

4 CONCLUSION
In this paper, we looked into the effects on participants’ EDA
activity while they watched a set of videos of 7 different emo-
tional categories. Signals were collected from participants’
in an experimental setting. Collected signals were normal-
ized, filtered, and then a set of 16 features were extracted.
Classification using a simple neural network showed a high
accuracy of 94.8% in identifying the 7 different emotional
video categories.
The initial analysis also shows some noticeable difference
of our data driven arousal model from our observers’ per-
spective, when compared to the (abstract) standard models
in the literature. The data-derived model with neutral as the
baseline is quite similar to the standard abstract model, with
the only changes being Happy and Sad changing sides as
Low/High arousal. Further analysis will be conducted and
evaluated to identify the reasons. Questions to be answered
are whether the dataset was biased, whether our 20 partici-
pants were somehow different from the expected population
reaction, or whether the abstract model is just incorrect. It
is also important to point out that EDA activity can vary
according to the difference in stimuli types, participants’ age,
gender etc [6]. Also the number of samples might be con-
sidered small, although experiments have shown that it is
reasonable [9]. Arguably, it makes more sense to use the over-
all average reaction to be the baseline between high and low
arousal, which spreads the emotional reactions over a wider
range. This differs more from the standard model. We will
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also analyze other physiological signals to cast more light
on these issues and to investigate their use in predictions.
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