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This study is related to the acquisition of physiological 
signals of human emotions and the recognition of human 
emotions using such physiological signals. To acquire 
physiological signals, seven emotions are evoked through 
stimuli. Regarding the induced emotions, the results of 
skin temperature, photoplethysmography, electrodermal 
activity, and an electrocardiogram are recorded and 
analyzed as physiological signals. The suitability and 
effectiveness of the stimuli are evaluated by the subjects 
themselves. To address the problem of the emotions not 
being recognized, we introduce a methodology for a 
recognizer using prototype-based learning and particle 
swarm optimization (PSO). The design involves two main 
phases: i) PSO selects the P% of the patterns to be treated 
as prototypes of the seven emotions; ii) PSO is 
instrumental in the formation of the core set of features. 
The experiments show that a suitable selection of 
prototypes and a substantial reduction of the feature space 
can be accomplished, and the recognizer formed in this 
manner is characterized by high recognition accuracy for 
the seven emotions using physiological signals. 
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I. Introduction 

Emotion plays an important role in the contextual 
understanding of messages from others in speech and visual 
forms. For effective communication between users and 
computers, how emotions can be recognized and expressed 
during human-computer interaction must be considered. In 
addition, emotion recognition is one of the key steps toward 
emotional intelligence in advanced human-machine 
interactions [1]. Emotions are displayed through visual, vocal, 
and physiological means. Psychologists and engineers have 
anyalyzed facial expressions, vocal expressions, gestures, and 
physiological signals in an attempt to understand and 
categorize emotions [2]-[4]. Physiological signals have been 
used to recognize human emotions and feelings, as signal 
acquisition by noninvasive sensors is relatively simple, 
physiological responses to emotions are relatively similar 
among different societies and cultures, and there is a strong 
relationship between physiological reactions and the emotional 
and affective states of humans [5]. 

Many previous studies on emotion have reported that there is 
a correlation between basic emotions and physiological 
responses [5]-[10]. Emotion recognition using physiological 
signals has been performed using various machine-learning 
algorithms, including the Fisher linear discriminant (FLD), the 
k nearest neighbor (k-NN) algorithm, and support vector 
machines (SVMs). To use machine-learning algorithms for the 
recognition problem, it is necessary to define a small and 
consistent subset of data to improve both the computing speed 
and method performance. In addition, feature selection 
constitutes a fundamental development phase of pattern 
recognition and predetermines the effectiveness of the overall 
recognition schemes to a significant extent [11]. It has become 
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apparent that this is essential both to reduce the overall 
computational overload and to possibly enhance the 
discriminatory capabilities of the reduced feature space. Any 
optimization of the feature subspaces quite often involves 
various mechanisms of evolutionary optimization, as 
evidenced in other pattern recognition research [12]-[16], 
including genetic algorithms, evolutionary algorithms, and 
particle swarm optimization (PSO).  

The objective of this study is to acquire physiological signals 
for seven human emotions (happiness, sadness, anger, fear, 
disgust, surprise, and stress) and to develop a prototype-based 
recognizer driven by the instance-based learning paradigm [17], 
[18] and feature selection for emotion recognition. To obtain 
the physiological signals for the emotions, twelve subjects 
participate in the experiments, and ten stimuli sets for the seven 
emotions are used. For an induced emotion, each subject 
evaluates the suitability and effectiveness of the presented 
stimulus, and the physiological signals of each subject are 
measured for the induced emotion. Physiological signals are 
determined through skin temperature (SKT), 
photoplethysmography (PPG), electrodermal activity (EDA), 
and an electrocardiogram (ECG). From these signals, 28 
features are extracted for emotion recognition. To efficiently 
develop a seven-emotion recognizer, we use one of the 
evolutionary optimization techniques, namely, PSO. PSO 
makes two formations in the optimization process. The first 
formation is realized from choosing the P% of the patterns, as a 
set of prototypes comes from patterns that contain all seven 
emotions. The second formation consists of a core set of 
features, which is a collection of the most meaningful and 
discriminative components of the original feature space. The 
design of the optimally reduced feature space is investigated in 
a parametric setting by varying the size of the prototype set 
(P%) and the size of the feature set (d%) used in the proposed 
construct. This study provides an algorithmic framework and 
demonstrates the effectiveness of this approach. To 
demonstrate the usefulness of the proposed recognizer for the 
seven emotions, we discuss the comparative results of emotion 
recognition using certain machine-learning algorithms, 
including neural networks (NNs), SVMs, and self-organizing 
maps (SOMs). It is demonstrated that a suitable selection of 
prototypes and a substantial reduction of the feature space can 
be accomplished, accompanied by a higher recognition 
accuracy using physiological signals for the seven emotions. 

II. Induction of Emotions and Acquisition of Their 
Physiological Signals 

In this section, we present the experiments for the induction 
of the seven emotions using stimuli and the acquisition of 

physiological signals of these emotions. Six male (20.8 years ± 
1.26) and six female (21.2 years ± 2.70) college students 
participate in this study. Written consent is obtained from each 
subject prior to conducting the experiments. None of the 
subjects report any history of medical illness or the use of 
psychotropic or other medications that would affect their 
cardiovascular, respiratory, or central nervous systems.  

The laboratory used for the experiments is a room 
5 m × 2.5 m in size. The room is sound proof (lower than 
35 dB), completely blocking all outside noise and artifacts. The 
laboratory contains a comfortable chair, a 38-inch monitor, an 
intercommunication device, and CCTV to observe and record 
the behaviors of each subject. We introduce the experimental 
procedures and their indications in detail to the subjects. Each 
subject has an adaptation time of about 30 minutes to feel 
comfortable in the laboratory environment, and electrodes are 
then attached to their wrists, fingers, and ankles for 
measurement of their physiological signals.  

1. Emotional Stimuli and Induction of Emotions 

In the experiments, we use ten sets of stimuli for each 
emotion, that is, 70 stimuli, to successfully induce the seven 
emotions (happiness, sadness, anger, fear, disgust, surprise, and 
stress). The stimuli are made up of two- to four-minute-long 
audio-visual film clips captured from movies, documentaries, 
and TV shows; stills of such clips are shown in Fig. 1. 

Audio-visual film clips are widely used because they have 
the desirable properties of being readily standardized, non-
deceptive, and dynamic rather than static. They also have a 
relatively high degree of ecological validity, in so far as 
emotions are often evoked by dynamic visual and auditory 
stimuli that are external to the individual [19], [20]. 

The suitability and effectiveness of the emotional stimuli are  
 

 

Fig. 1. Examples of emotional stimuli: (a) happiness (victory,
laughing, etc.), (b) sadness (death of parents, longing for
mother, etc.), (c) anger (massacre, beating, etc.), (d) fear
(ghosts, haunted house, etc.), (e) disgust (vomiting, etc.),
(f) surprise (unexpected screams, etc.), and (g) stress
(audio/visual noises on the screen, etc.). 

(a) (b) (c) 

(d) (e) (f) (g) 
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Table 1. Suitability and effectualness of emotional stimuli. 

Emotion 
 

Happiness Sadness Anger Fear Disgust Surprise Stress
Avg.

1 
100% 
(8.4) 

92% 
(9.5) 

75% 
(9.7) 

75% 
(10) 

75% 
(10.2) 

75% 
(9.3) 

92%
(9.3)

83%
(9.5)

2 
100% 
(8.9) 

100% 
(9.1) 

75% 
(9.9) 

100% 
(9.9) 

92% 
(10.8) 

92% 
(9.7) 

100%
(9.1)

94%
(9.6)

3 
100% 
(8.8) 

100% 
(8.7) 

75% 
(9.7) 

83% 
(9.8) 

92% 
(9.9) 

100% 
(9.7) 

100%
(8.8)

93%
(9.3)

4 
100% 
(9.6) 

100% 
(9.7) 

75% 
(9.5) 

92% 
(9.6) 

100% 
(10.4) 

100% 
(9.9) 

100%
(8.9)

95%
(9.7)

5 
100% 
(9.6) 

100 
(9.3) 

92% 
(9.8) 

92% 
(9.7) 

92% 
(9.7) 

83% 
(9.6) 

100%
(9.3)

94%
(9.6)

6 
100% 
(9.3) 

100% 
(9.3) 

92% 
(9.4) 

92% 
(9.7) 

100% 
(10.3) 

83% 
(9.6) 

100%
(8.8)

95%
(9.5)

7 
100% 
(9.3) 

75% 
(8.9) 

92% 
(8.9) 

83% 
(9.6) 

100% 
(9.3) 

100% 
(9.5) 

92%
(9.3)

92%
(9.3)

8 
92% 
(8.0) 

100% 
(9.0) 

83% 
(9.2) 

100% 
(9.3) 

83% 
(10.2) 

83% 
(9.4) 

100%
(9.3)

92%
(9.2)

9 
100% 
(9.7) 

100% 
(9.2) 

92% 
(9.5) 

100% 
(9.3) 

100% 
(10.1) 

83% 
(8.6) 

100%
(9.1)

96%
(9.4)

Se
t 

10 
92% 
(8.8) 

100% 
(9.3) 

92% 
(9.7) 

75% 
(8.7) 

100% 
(10.1) 

75% 
(10.3) 

100%
(9.3)

91%
(9.5)

Avg. 
98% 
(9.1) 

96% 
(9.2) 

84% 
(9.5) 

89% 
(9.6) 

98% 
(9.1) 

89% 
(9.5) 

98%
(9.1)

93%
(9.5)

 

 
examined in a preliminary study prior to executing the 
experiments. The suitability of the emotional stimuli is based 
on the consistency between the target emotions designed to 
induce each emotion and the categories of the experienced 
emotions of each subject. The effectiveness is determined by 
the intensity of the emotions reported and is rated by the 
subjects on a Likert-type 1 to 11 point scale (1 being the “least 
happy” or “not happy” and 11 being the “most happy”). 
Twenty-two college students and ten psychologists, different 
from the subjects used in the experiments, categorize their 
experienced emotions according to the seven emotions 
previously described and estimate the intensity of their 
categorized emotions on an emotional assessment scale after 
being shown each film clip. Regarding the suitability and 
effectiveness of the emotional stimuli, Table 1 shows the results 
obtained from the preliminary study. The results show that the 
emotional stimuli have a suitability of 93% and an 
effectiveness of 9.5 points on average for the 10 sets. The 
results also show that the suitability of each stimulus ranges 
from 75% to 100% and the effectiveness ranges from 8.4 
points to 10.4 points. 

The induction of emotion is carried out as follows. First, the 
subject is informed of the details of the experiment and fitted 

 

Fig. 2. Analysis of physiological signals. 

Presentation of stimulus Emotion evoked: it is determined by 
participant’s self-report.

EDA

ECG

PPG

SKT

Baseline state: 30 s Emotional state: 30 s 

 
 
with electrodes. Second, for the baseline, physiological signals 
are measured for the 60 seconds preceding the presentation of a 
stimulus (film clip). Third, for the emotional state, 
physiological signals are measured during the presentation of 
the stimulus, which lasts anywhere between two to four 
minutes. Lastly, for the recovery, physiological signals are 
measured for the 60 seconds following the presentation of the 
stimulus, during which time the subject stabilizes. After a 
stimulus is presented, the subject rates the emotions they 
experienced during the presentation of the film clip according 
to the emotion assessment scale. This procedure is conducted 
ten times for each of the seven emotions. 

2. Measurements of Physiological Signals 

For an induced emotion, the physiological signals (SKT, 
PPG, EDA, and ECG [7], [21]) of the subject are measured to 
determine their baseline and emotional states. Electrodes are 
attached to the first joint of the ring finger and the last joint of 
the thumb finger of the non-dominant hand to measure the 
SKT and PPG, respectively. The EDA is measured through two 
Ag/AgCl electrodes attached to the middle joint of the index 
and middle fingers of the non-dominant hand. For the ECG, 
electrodes are placed on both wrists and the left ankle using a 
two-electrode method based on lead I. The electrode on the left 
ankle is used as a reference. The electrodes are filled with a 
0.05 molar isotonic NaCl paste to provide a continuous 
connection between the electrodes and the skin. 

The signals obtained are analyzed for 30 seconds from the 
baseline and emotional states, as shown in Fig. 2. The baseline 
is selected and analyzed for 30 seconds before an emotional 
stimulus is presented. The emotional states are determined 
according to the results of each subject’s report regarding 
which emotion was most strongly expressed during the 
presentation of each stimulus. Figure 2 shows the analysis 
ranges of the physiological signals. We extract 28 features from 
the analysis of the signals within these ranges. 
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Table 2. Features resulting from physiological signals. 

Physiological 
signals Features 

EDA SCL, NSCR, meanSCR 

SKT meanSKT, maxSKT 

PPG meanPPG 
Statistical 
parameter 

meanRRI, stdRRI, meanHR, 
RMSSD, NN50, pNN50 Time 

domain Geometric 
parameter SD1, SD2, CSI, CVI, RRtri, TINN 

FFT FFTapLF, FFTapHF, FTnLF, 
FFTnHF, FFTLF/HFratio 

ECG 

Frequency 
domain 

AR ARapLF, ARapHF, ARnLF, 
ARnHF, ARLF/HFratio 

 

 
3. Feature Extraction from Physiological Signals 

For the seven emotions, 28 features are extracted from the 
physiological signals and are summarized in Table 2. Skin 
conductance level (SCL), average skin conductance response 
(meanSCR), and number of skin conductance responses 
(NSCLs) are obtained from the EDA. The mean SKT 
(meanSKT), maximum SKT (maxSKT), and the mean 
amplitude of blood volume changes (meanPPG) are obtained 
from the SKT and PPG, respectively. The ECG signals are 
analyzed for the time and frequency domains. The analysis of 
the time domain is divided into statistical and geometric 
approaches, and the analysis of the frequency domain deals 
with FFT and AR [22], [23]. 

Figure 3 illustrates an ECG signal and R-R interval (RRI) 
tachogram. RRI is the interval time of the R peaks on the ECG 
signal. The RRI and hear rate (HR) offer the mean RRI 
(meanRRI), standard deviation (stdRRI), the mean hear rate 
(meanHR), RMSSD, NN50, and pNN50. RMSSD is the 
square root of the mean of the sum of the squares of differences 
between successive RRIs. NN50 is the number of RRIs of 
50 ms or more, and the proportion of NN50 divided by the 
total number of RRIs is pNN50. In addition to these, an RRI 
triangular index (RRtri) and TINN are extracted from the 
histogram of the RRI density as a geometric parameter. RRtri is 
used to divide the entire number of RRIs by the magnitude of 
the histogram of the RRI density, and TINN is the width of the 
RRI histogram. 

The relations between RRI(n) and RRI(n+1) are shown in 
Fig. 4 in a Poincaré plot. Here, n and n+1 are the n-th and 
(n+1)th values of the RRI, respectively. In the figure, L is the 
direction that is most efficient for representing the data, and T is 
the orthogonal direction of L. The standard deviations,  

 

Fig. 3. ECG signal and RRI tachogram: (a) ECG signals for 10 s
and (b) RRI tachogram for 30 s. 
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Fig. 4. Poincaré plot of RRI. 
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SD1 and SD2, are obtained for the T and L directions, 
respectively. The cardiac sympathetic index (CSI) is calculated 
by CSI = 4SD2/4SD1, and the cardiac vagal index (CVI) is 
obtained from CVI = log10(4SD1 * 4SD2) as an emotional 
feature. SD1, SD2, CSI, and CVI reflect the short-term heart 
rate variability (HRV), long-term HRV, sympathetic nerve 
activity, and parasympathetic activity, respectively. 

To extract an emotional feature based on physiological 
signals, we use a fast Fourier transform (FFT) and auto 
regressive (AR) power spectrum. The low-frequency (LF) 
band is 0.04 Hz to 0.15 Hz, and the high-frequency (HF) band 
is 0.15 Hz to 0.4 Hz. The total spectral power between 0.04 Hz 
and 0.15 Hz is apLF, and the normalized power of apLF is nLF. 
The terms apHF and nHF indicate the total spectral powers 
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between 0.15 Hz and 0.4 Hz and the normalized power, 
respectively. L/Hratio indicates the ratio of LF power to HF 
power. These parameters result from the means of the FFT and 
AR. LF and HF are used as indexes of the sympathetic and 
vagus activities, respectively. L/Hratio reflects the global 
sympathovagal balance and can be used as a measure of this 
balance. 

III. Design of Prototype-Based Recognizer Driven by 
PSO 

1. Two-Phase Process for Prototype-Based Recognizer 

The prototype-based recognizer is a type of instance-based 
learning that uses only specific instances to solve the 
recognition problem. This methodology involves two selection 
problems to recognize a new emotional pattern. One is the 
selection of emotional prototype patterns, and the other is the 
feature selection. 

A. First Level of Optimization Process: Prototype Formation 

We start by choosing the P% of the emotional patterns using 
PSO; these patterns should come from all seven categories of 
emotion and are called prototypes. The prototype-based 
recognizer does not use any model to fit and is only based on 
the distance between the emotional data (a new input pattern) 
of a system and prototypes in the memory of the system. Given 
a set of prototypes and an emotion pattern q without the 
emotional label as an input of a system, the recognizer finds the 
closest pattern of prototypes to q in the feature (input) space 
and assigns to it the emotional label of its nearest prototype. 
The underlying distance between a given input pattern and a 
prototype is measured using the weighted Euclidean distance, 
which is 

2
2

2
1

( )n
i i

i i

x y
=

−
− =∑ σ
x y ,             (1) 

where x and y are the two patterns in n-dimensional space, and 
σi is the standard deviation of the i-th feature whose value is 
computed using the emotional prototype set. 

B. Second Level of Optimization Process: Feature Selection 

Once the prototypes have been formed, we reduce the 
overall feature space by choosing a core set of features. Often, 
their number can be quite limited in comparison with the 
dimensionality of the overall feature space. One can consider 
the d% of the total number of features, for example, 10% or 
20%. Namely, d is the proportion of subfeatures to all features 
to be selected as the core set. Considering d% of features of the 
original feature space, we arrive at nCd×n of possible 

combinations of features that can be selected to build this core 
set. For instance, with n = 28 achieved from the physiological 
signals and d = 20% of features selected to form the core set, 
we are faced with 28C0.2×28 = 28C6 = 376,740 combinations. This 
number goes up to 3.11×106 and 2.15×107 when the 
percentage of features to be used in the core set of features is 
equal to 30% and 40%, respectively.  

The construction of the core set of features and the formation 
of the prototypes are computationally challenging and hence 
require the use of a suitable optimization mechanism that is 
capable of dealing with the combinatorial nature of the task. 
Given this, we consider one of the biologically inspired 
optimization tools, PSO. 

2. Particle Swarm Optimization 

The underlying principle of PSO involves a population-
based search in which individuals representing possible 
solutions carry out a collective search by exchanging their 
individual findings while taking into consideration their own 
experience and evaluating their own performance. PSO is 
motivated by social behavior and cognition aspects. Regarding 
the social facet of the search, individuals in a neighborhood 
interact with one another, and the best behaviors among the 
individuals are ultimately adopted by all. The cognition aspect 
of the search underlies the importance of the individual 
experience in which the element of population is focused on its 
own history of performance and makes adjustments 
accordingly [12]-[14]. 

There are PSO and GAs (genetic algorithms) in a well-
known class of biologically inspired optimization techniques. 
PSO and GAs are similar in the sense that both types of 
algorithm use a population-based search method and an 
iteration-based updating method for the optimal solution. In 
this study, we select PSO for the optimization of the prototype 
and the feature due to the advantages PSO has over GAs, 
which are summarized below [24]-[28]. 

a) PSO has the control parameter for the balance between the 
global and local exploration of the search space. This 
feature enhances the search capability of PSO. 

b) PSO has memory, namely, information of good solutions 
is retained and shared by all particles, whereas, in GAs, 
previous knowledge is destroyed once the population 
changes. 

c) PSO exhibits algorithmic simplicity. A GA consists of 
three major operators: selection, crossover, and mutation. 
However, PSO comes with a single operation of velocity. 

d) PSO has a simple implementation, and this induces the 
reduction of computation and eliminates the necessity to 
select the best operator for a given optimization. 
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e) Quite often, PSO is superior to other biologically inspired 
techniques in terms of convergence, speed, and accuracy. 

PSO is conceptually simple, easy to implement, and 
computationally efficient. Unlike many other heuristic 
techniques, PSO has a flexible and well-balanced mechanism 
to enhance the global and local exploration abilities [24]. The 
basic elements of the PSO are briefly introduced below. 

Performance index (fitness) — Each particle is characterized 
by some value of the underlying performance index or fitness. 
The fitness is reflective of the nature of the problem for which 
an optimal solution is being sought.  

Particles — The vectors of the variables in the 
n-dimensional search space are denoted by p1, p2, …, pN. In the 
search, a swarm is composed of N particles involved, leading 
to the concept of a swarm. The performance of each particle is 
described by a fitness function. 

Best particles — As a particle wanders through the search 
space, we compare its fitness at the current position using the 
best fitness value it has thus far attained. This is done for each 
element in the swarm. The location of the particle at which it 
has attained the best fitness is denoted by pbest. Similarly, by 
gbest, we denote the best location attained among all values of 
pbest. 

Velocity — The particle is moving in the search space with a 
certain velocity, which plays a pivotal role in the search process. 
Denote the velocity of the i-th particle by vi. From iteration to 
iteration, the velocity is governed by the following expression. 

vi = wvi + c1r1 (pbesti − pi) + c2r2 (gbest − pi),      (2) 
where i = 1, 2, …, N, c1 and c2 are positive constants, and r1 
and r2 are uniformly distributed random values in [0,1]. 
Constants c1 and c2 are called acceleration constants and are 
referred as a cognitive parameter and a social parameter, 
respectively. As the above expression shows, c1 and c2 reflect 
the weighting of the stochastic acceleration terms that pull the 
i-th particle toward the pbesti and gbest positions. Low values 
allow particles to roam far from the target regions before being 
pulled back. High values of c1 and c2 result in an abrupt 
movement toward or past the target regions. The inertia factor, 
w, is a control parameter used to establish the impact of the 
previous velocity on the current velocity. Hence, it influences 
the tradeoff between the global and local exploration abilities of 
the particles.  

Overall, the algorithm can be outlined as the following 
sequence of steps. 

Step 1. Randomly generate N particles, pi, and their 
velocities, vi. Each particle in the initial swarm is evaluated 
using the fitness function. For each particle, set pbesti = pi and 
search the best particle of pbest. Set the best particle associated 
with the global best, gbest. 

Step 2. Adjust the inertia weight, w. Typically, its values 

decrease linearly over the search time. We start with wmax = 0.9 
at the beginning of the search and move down to wmin = 0.4 at 
the end of the iterative process. 

 max min
max

max

( )
w w

w t w t
iter

−
= − × ,           (3) 

where itermax denotes the maximum number of iterations of the 
search, and t stands for the current index of the iteration. 

Step 3. Given the current values of gbest and pbesti, the 
velocity of the i-th particle is adjusted according to (2). 

Step 4. Based on the updated velocities, each particle 
changes its position using (4). 

 pik = vik + pik.                    (4) 
Step 5. Move the particles in the search space and evaluate 

their fitness in terms of both pbesti and gbest. 
Step 6. Repeat Steps 2 through 5 until the termination 

criterion has not been met. Otherwise, return gbest as the found 
solution. 

3. Prototypes and Features versus PSO 

As a generic search strategy, the PSO must be adjusted to 
solve a given optimization problem for emotion recognition. 

Fitness function — Given the prototype formation and 
feature selection, we consider the minimization of the 
recognition error to be a suitable fitness measure. 

Particles — The elements of a vector of a particle consist of 
the number of patterns and number of features for the optimal 
subsets of prototypes and features, as shown in Fig. 5. To solve 
the combinatorial problem, there can be different search spaces 
to choose from, considering that an optimal collection of 
prototypes and features can be represented in several different 
ways. Here, we adopt a representation scheme of the search 
space in the form of a (N+n)-dimensional unit hypercube (N is 
the number of patterns, whereas n denotes the number of 
features of the emotional dataset). The content of the particle is 
ranked in such a way that each value in this vector is associated 
with an index that the given value assumes within the ordered 
sequence of all values encountered in the vector. Considering 
the P% of all patterns and d% of all features, the first P × N 
(0<P<1) entries of the vector of the pattern search space are 
selected for the prototypes and the first d × n (0<d<1) entries of 
the vector of the feature search space are chosen as a core set of 
features. The employed vectors as a set of prototypes and a 
core set of features are concerned with defining the training 
consistent subset and forming the reduced feature space. This 
mechanism of the particle formation of the prototype and 
feature spaces is portrayed in Fig. 5. 

Stop condition — There are two stopping conditions for 
recognition of the seven emotions: the algorithm terminates if  
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Fig. 5. Particle formation of selected prototypes and reduced
feature. 
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the fitness function does not improve during the last 100 
generations; otherwise, it terminates after 500 iterations. The 
size of the population is related to the dimensionality of the 
search space. 

IV. Results of Emotion Recognition 

The primary objective is to illustrate the recognition 
performance of the proposed recognizer. The two essential 
parameters that we use in the assessment of the performance of 
the prototype and feature selection are the percentage of 
features (denoted by d) forming the core of the reduced feature 
space, and the percentage of data forming the prototype set (P) 
optimized by the PSO. The results are reported for the testing 
data sets for various values of P and d. 

The numeric values of the parameters of the PSO are either 
predetermined (considering some existing guidelines available 
in the literature [27] and [28]) or are selected through 
experimentation. More specifically, we use the following 
values of the parameters: a maximum number of generations 
of 500; a swarm size of 150; maximal velocity, vmax, of 20% of 
the range of corresponding variables; wmin of 0.4; wmax of 0.9; 
and acceleration constants c1 and c2 of 2.0. The inertia weight 
factor, w, is regarded as a linearly decreasing function of 
iterations (generations), as presented in (3). 

The proposed methodology is applied to the recognition of 
the seven emotions. As mentioned in the previous section, the 
dataset has 730 instances with 28 features achieved through an 
analysis of the physiological signals, as shown in Table 2. The 
seven emotions are happiness, sadness, anger, fear, disgust, 
surprise, and stress.  

The proposed prototype-based recognizer is evaluated using 
a tenfold validation (repeated random subsampling validation) 
for recognition of the seven emotions. The dataset is split into 
P% training and testing subsets, namely, P% of the whole 
patterns are selected randomly for training, and the remaining 
patterns are used for testing purposes. The results are reported 
by presenting the average and standard deviations of the 
recognition accuracy obtained over ten repetitions of the  

Table 3. Accuracy of emotion recognition regarded as function of “d” 
and “P” for emotion dataset used. 

P% d% 
(No. of F) 30 50 70 

AVG±STD
over P 

10 (3) 62.7 ± 1.41 88 ± 1.84 96.4 ± 1.13 82.3 ± 14.63

20 (6) 60.6 ± 3.25 85.1 ± 2.86 96.7 ± 1.78 80.8 ± 15.49

30 (8) 58.3 ± 3.89 79.5 ± 10.93 90.3 ± 6.36 76 ± 15.42

40 (11) 53.8 ± 3.86 69.5 ± 4.5 81 ± 4.21 68.1 ± 12.04

50 (14) 45.5 ± 4.15 54.1 ± 5.04 72.4 ± 4.39 57.3 ± 12.24

60 (17) 36.5 ± 4.44 46.6 ± 2.13 49.4 ± 8.18 44.2 ± 7.74

70 (20) 35.5 ± 1.92 39.9 ± 3.41 47.3 ± 3.74 40.9 ± 5.81

80 (22) 35.8 ± 3.1 39.9 ± 2.31 49.6 ± 1.93 41.8 ± 6.38

90 (25) 34.4 ± 2.53 40.7 ± 2 48.1 ± 4.42 41.1 ± 6.46

100 (28) 35.5 ± 1.86 39.4 ± 1.9 49.9 ± 2.15 41.6 ± 6.46

 

 
 

Fig. 6. Recognition accuracy regarded as function of d over P. 
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experiment for the test dataset. When reporting the results, we 
concentrate on a determination of the relationships between the 
collections of features and the obtained recognition rates. We 
also look at the optimal subsets of features constructed with the 
use of the proposed method. 

For the dataset of seven emotions, the relationship among the 
percentage of features used in the PSO, the values of d, and the 
resulting recognition accuracy are presented in Table 3. Here, 
No. of F indicates the number of selected features for d% of all 
features, and AVG and STD indicate the average and standard 
deviations, respectively.  

With an increase in the value of d, the recognition accuracy 
decreases substantially; in the case of P = 30%, it drops from 
62.7 to 35.5 when increasing the number of features from 10% 
to 70%. A similar downward tendency occurs when dealing 
with any P% and considering the same increase in the 
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percentage of features. Conclusively, the use of all features 
diminishes the accuracy of recognition of the seven emotions. 
On the contrary, changes in the value of P have the opposite 
effect of changes in the value of d on the recognition rate. For 
any d%, the improvement in the recognition accuracy is about 
40% over the value of P varying from 30% to 70%. 

Figure 6 illustrates the recognition accuracy versus the 
percentage of the feature space used. The plot is the result of 
the average and standard deviations of all P and a tenfold run 
of the experiments. The results reveal notable dependencies 
related to the discriminatory characteristic of the feature space. 
There is an evident effect of the optimal subset of the feature 
space: a subset of the original features clearly leads to better 
recognition results when compared with the outcomes of the 
recognizer operating on the entire feature space. In all cases, we 
observe that there is an optimal number of features leading to 
the highest value of recognition accuracy. Depending on the 
value of d, the dimensionality of the reduced feature space 
varies between 3 and 6. 

We report the number of occurrences of features for all 
experiments. This indicator becomes more illustrative and 
offers an interesting view of the suitability of the features when 
forming various reduced feature spaces and using different 
prototype set sizes. The results obtained in this case are 
illustrated in Fig. 7. The number of occurrences of a given 
feature is computed across all values of P and d. Interestingly, 
there are several dominant features, such as FFTnHF (feature 
24), FFTLF/HFratio (feature 25), ARnLF (feature 26), ARnHF 
(feature 27), and ARLF/HFratio (feature 28). The values of 
meanPPG (feature 6), meanHR (feature 9), and CSI (feature 
15) are of lowest relevance. 

The prototypes are chosen by the PSO as a supervisor of the 
recognizer for each emotional category and given patterns are 
assigned into a category through these prototypes and selected 
features. In the case of d = 20%, namely, when the number of 
selected features is 6, we obtain a recognition accuracy of 80.8 
for all P. Therefore, we can consider that the number of core 
features is six and features 23, 24, 25, 26, 27, and 28 are started 
in advance, as shown in Fig. 7. For d = 30% and P = 70%, an 
example set of prototypes (supervisor) and patterns (pupil) is 
shown over the specific features in Fig. 8. 

As Table 4 demonstrates, the quality of the reduced feature 
space is quantified with the use of the recognition accuracy 
produced by the prototype-based recognizer on the testing set. 
The results are reported for selected scenarios of the 
experiments. First, the best recognition accuracy obtained 
across all combinations of d and P is given. For a prototype set 
size of 50% of the overall data, the recognition accuracy attains 
lower values, which is not surprising given that the sizes of the 
prototype sets for the best recognition accuracy are typically  

 

Fig. 7. Cumulative number of occurrences of individual features
for seven types of emotional data: feature usage index
over (a) all values of d and P, and (b) all values of P for
each d. 
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Fig. 8. Example set of prototypes (gray) and patterns (white) for
sadness ( ), fear ( ), and stress ( ), with features 24 and
27 (d = 30% and P = 70%). 
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higher in the range of 70%. To assess the effect of the size of  
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Table 4. Comparison of recognition accuracy reported in experiments.

Method Prototype-based recognizer 
Dimensionality of 
reduced space and 
reduction rate (%) 

3 (89) 6 (79) 8 (71) 

Max. accuracy (%) 
and assoc. value of P 

96.4 ± 1.13 (70) 96.7 ± 01.78 (70) 90.3 ± 6.36 (60)

Accuracy (%) at 
P = 50% 88 ± 1.84 85.1 ± 2.86 79.5 ± 10.93 

Avg. accuracy (%)  
over P 

82.3 ± 14.63 80.8 ± 15.49 76 ± 15.42 

 

Table 5. Emotion recognition accuracy of well-known models. 

Method Accuracy (%) 

Classification and regression trees (CART) 21.7 ± 3.6 

C4.5 16.1 ± 1.2 

k-NN 45.3 ± 2.3 

Fuzzy k-NN 41.2 ± 4.0 

Principal component analysis (PCA)-k-NN 43.9 ± 3.4 

FLD 20.3 ± 1.8 

Quadratic discriminant analysis (QDF) 14.8 ± 2.8 

NN 18.0 ± 1.0 

Probabilistic NN (PNN) 16.3 ± 1.9 

Radial basis function (RBF) networks 17.4 ± 1.2 

Supervised 16.3 ± 1.9 
SOM 

Unsupervised 15.4 ± 3.2 

General 17.8 ± 1.7 
Naïve Bayes 

Kernel density 17.9 ± 1.9 

SVM 17.8 ± 3.1 

 

 
the prototype set, we compute the average recognition taken 
over the range of sizes of the prototype sets used in the 
experiments. This provides us with a better view of the 
diversity of the results implied by the size of the prototype set.  

In this study, we carry out a recognition of the seven 
emotions using some well-known machine-learning and 
artificial intelligence algorithms: CART, C4.5, k-NN, Fuzzy 
k-NN, PCA, FLD, QDF, NN, PNN, SOM, RBF networks, 
Naïve Bayes, and SVM [29]-[33]. These machine-learning 
algorithms are evaluated using ten repeated random 
subsampling validations. Seventy percent of all emotional 
patterns are selected randomly for the training, and the 
remaining patterns are used for testing purposes. The results 
shown in Table 5 are reported by presenting the average and 
standard deviations of the recognition accuracy obtained over 

ten repetitions of the experiment. 
The values of the testing performance are good indicators of 

the generalization capabilities of the constructed models. When 
selecting a model, if only the approximation capability of the 
trained model is considered, the selected model has great 
recognition accuracy; however, it has a deteriorated 
generalization (prediction) capability and cannot apply to a real 
system. In particular, this is conspicuous in a nonlinear problem. 
Another important question also arises in this study regarding 
the selection of a proper structure of the emotion recognition. 
Even if the constructed model using a training set with 
physiological signals has 100% accuracy for the results of the 
recognition of the seven emotions for approximation capability, 
its generalization is 15% to 40%, as shown in Table 5. This 
means that some algorithms shown in the table are not useful 
as a recognizer for the recognition of the seven emotions. In 
addition, these results indicate that the given dataset generated 
by the physiological signals for the seven emotions has a high 
nonlinear characteristic and reflects the individual 
physiological property of each subject for the seven emotions. 

The proposed method leads to better recognition results on 
the reduced feature space than those obtained from the others, 
as shown in Tables 4 and 5. We achieve substantially higher 
recognition accuracy with a lower dimensionality. 

V. Conclusion 

In this study, we discussed the acquisition of physiological 
signals using emotional stimuli and introduced a prototype-
based recognizer with feature selection learned by a PSO 
mechanism for the recognition of seven emotions (happiness, 
sadness, anger, fear, disgust, surprise, and stress). The 
appropriateness and effectiveness of emotion stimuli were 
evaluated by assessors of the stimuli in the preliminary study, 
executed prior to the experiment conducted to evoke emotion. 
The results showed that the stimuli have a suitability of 93% 
and effectiveness of 9.5 points on average. Twenty-eight 
features were extracted using statistical and geometric 
approaches in the time and frequency domains from 
physiological signals, such as EDA, SKT, PPG, and ECG. For 
the recognition of the seven emotions using physiological 
signals, we proposed a prototype-based recognizer learned 
through PSO. PSO consists of a two-phase optimization 
process used to form a set of prototypes based on emotional 
patterns and a core set of features. These are a collection of the 
most meaningful and discriminating components, and their 
discriminatory capabilities emerge through their co-occurrence 
in the set. The proposed recognition scheme might be the 
simplest scheme that can be created in emotional pattern 
recognition. That the reduction of the feature space is related to 
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the corresponding recognition rate is evident. Therefore, the 
use of the prototype-based emotion recognizer becomes 
legitimate considering this recognition scheme, and the feature 
selection is justifiable considering the results of the feature 
reduction. While the experiment results provide sound 
evidence behind the selection process showing that the reduced 
feature spaces lead to better recognition results than those 
obtained in other methods, they are also quite revealing in 
showing that the reduction of the feature space can exhibit 
different levels of effectiveness. The proposed recognizer will 
lead to a better chance to recognize human emotions using 
physiological signals in the emotional interactions between 
humans and machines. 
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