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Abstract

Keywords: Emotion, Emotion recognition, Electrodermal activity, Decomposition, Seg-
mentation, Windowing, Temporal features, Time-frequency representation, Time-encoded

images, Machine learning

Emotions are fundamental aspects of human life that influence our thoughts, behaviors,
and interactions with the world around us. Recognizing and understanding emotions is
crucial in various aspects of life, including interpersonal relationships, mental health, and
decision-making processes. Emotion detection holds significant importance in fields such
as psychology, healthcare, and human-computer interaction. There are several ways to
detect emotions, from traditional methods like facial expressions and vocal intonations
to physiological signals such as Electrodermal Activity (EDA). It reflects changes in the

skin’s electrical conductance in response to emotional stimuli.

The EDA consists of several components, including tonic and phasic signals, which are
influenced by the sympathetic nervous system activity associated with emotional states.
For instance, variations in tonic signals may indicate overall arousal levels, while phasic
signals represent rapid changes in arousal in response to specific stimuli. It is essential to
understand the influence of EDA components, such as tonic and phasic signals for effec-
tive emotion detection. EDA signals are often complex and noisy, making it challenging
to extract meaningful information. Segmenting the EDA signal into smaller, more man-
ageable segments allows for targeted analysis of specific emotional responses. Hence, it is

necessary to identify the significant segments of EDA signals to enhance emotion detec-



tion. Another important consideration is the windowing approach for EDA signals. Win-
dowing involves dividing the continuous EDA signal into overlapping or non-overlapping
windows for analysis. For instance, overlapping windows may capture temporal dynam-
ics more effectively, while non-overlapping windows offer simpler processing but may
miss transient emotional responses. The choice of windowing technique can significantly
impact the effectiveness of emotion recognition algorithms. In this study, we attempted to
identify the optimal component of the EDA signal and decomposition method, segment,
and windowing approach using advanced signal processing methods and machine learning

algorithms.

Initially, we obtained EDA signals from the publicly available Continuously Annotated
Signals of Emotion (CASE) dataset for a 4-class categorical emotional classification.
These signals underwent pre-processing, including applying a Butterworth low-pass filter
with a 2 Hz cutoff frequency. We conducted three analyses to optimize EDA component

and decomposition method, segment, and windowing approach as follows:

1) We employed convex optimization and Bayesian EDA decomposition methods to sep-
arate EDA signals into tonic and phasic components, then extracted ten temporal features

from each component.

2) We considered the First-half, Second-half, and Whole phasic signals, generating spec-
trograms using the Short-Time Fourier Transform and Mel Frequency Cepstrum on con-
sidered signals. Features like Gray Level Co-occurrence Matrix (GLCM) and Gray Level

Run Length Matrix (GLRLM) were extracted from these spectrograms.

3) We applied five and nine windows approaches with 50% overlapping on the Second
half of the phasic signals. Then, each window of the time series signal was transformed
into time-encoded images using the Gramian Angular Summation method, Gramian An-
gular Difference method, Markov Transition Field, and Recurrence Plot. From these im-
ages, we extracted features, including GLCM, GLRLM, fractal dimension texture analy-

sis, Zernike’s moments, Hu’s moments, and first-order statistics.
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Finally, we selected only the most significant features (p<0.05) of respective analyses
obtained through the Kruskal-Wallis test. We applied these features independently to the
three machine learning models, such as Support Vector Machine (SVM), Random Forest
(RF), and XGBoost (XGB), to optimize the EDA components and decomposition method,

segment and windowing approach.

Our findings revealed that phasic signals of EDA contributed well to emotion detection
compared to the tonic component. The phasic signals decomposed by the cvxEDA de-
composition method significantly impacted emotional state classification compared to the
BayesianEDA method. We achieved an impressive accuracy of 86.87% with XGB, show-
casing the method’s efficacy in capturing relevant signals for emotion detection. Further,
the Second half of the phasic signals contribute more information to emotion detection
than the First half and Whole phasic signals. We achieved a remarkable classification ac-
curacy of 97.08% with the SVM classifier. Finally, the nine windows of the Second half
of phasic signals significantly improved emotion detection compared to the five-windows
approach. We achieved a comparable accuracy of 88.24% using XGB. Our results un-
derscore the importance of optimizing the EDA components, decomposition method, seg-
ments, and windowing approach to refine the emotion recognition systems and enhance

classification performance.

The findings of this study offer substantial potential for a wide range of applications. These
include healthcare monitoring systems, human-computer interaction interfaces, education
and learning platforms, stress management and wellness mobile applications, virtual re-
ality and augmented reality experiences, and the automotive and transportation industry.
By integrating our advanced emotion recognition system, these applications can be signif-
icantly enhanced, leading to improved user experiences, greater well-being, and increased

innovation across various industries.
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