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Abstract: In this paper, we first regard emotion recognition as a pattern recognition problem, a novel feature 
selection method was presented to recognize human emotional state from four physiological signals. 
Electrocardiogram (ECG), electromyogram (EMG), skin conductance (SC) and respiration (RSP). The raw 
training data was collected from four sensors, ECG, EMG, SC, RSP, when a single subject intentionally 
expressed four different affective states, joy, anger, sadness, pleasure. The total 193 features were extracted  
for the recognition. A music induction method was used to elicit natural emotional reactions from the subject, 
after calculating a sufficient amount of features from the raw signals, the genetic algorithm and the K-neighbor 
methods were tested to extract a new feature set consisting of the most significant features which represents 
exactly the relevant emotional state for improving classification performance. The numerical results demonstrate 
that there is significant information in physiological signals for recognizing the affective state. It also turned out 
that it was much easier to separate emotions along the arousal axis than along the valence axis. Copyright © 
2014 IFSA Publishing, S. L. 
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1. Introduction 

 

Nowadays, recognizing human emotion by 
computer has been an active research area. Recording 
and recognizing physiological signatures of emotion 
has become an increasingly important field of 
research in affective computing and human-computer 
interface [1]. Although many efforts have been taken 
recently to recognize emotions using facial 
expressions, speech [2-5] and physiological signals 
[6], current recognition systems are not yet advanced 
enough to be used in realistic applications. 
Particularly little attention has been paid so far to 
physiological signals for emotion recognition 
compared to audiovisual, facial, expressions, and 
speech emotion recognition. The reasons that use of 

physiological signals for emotion recognition are 
some significant limitations. Emotion recognition 
research is also hard because understanding emotion 
is hard; emotion theorists still do not agree upon what 
emotions are and how they are communicated. One 
of the big questions in emotion theory is whether 
distinct physiological patterns accompany each 
emotion [7]. The physiological muscle movements 
comprising what looks to an outsider to be a facial 
expression may not always correspond to a real 
underlying emotional state. Emotion consists of more 
than its outward physical expression; it also consists 
of internal feelings and thoughts, as well as other 
internal processes of which the person having the 
emotion may not be aware. On the one hand, it is 
very hard to uniquely map physiological patterns 
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onto specific emotion types and that physiological 
data are very sensitive to motion artifacts. On the 
other hand, physiological signals have considerable 
advantages. We can continuously gather information 
about the users’ emotional changes while they are 
connected to biosensors. Moreover, physiological 
reactions should be more robust against possible 
artifacts of human social masking since they are 
directly controlled by the human autonomous 
nervous system. Work done in psycho physiology 
provides evidence that there is a strong relationship 
between physiological reactions and affective states 
of humans.  

Some previous related research in physiological 
signal-based emotion recognition are summarized  
in [8-10], The work is usually trying to classify 
physiological patterns for a set of several emotions 
by applying pattern recognition techniques beyond 
that of simple discriminates to the problem (using 
new features, feature selection, spatial 
transformations of features, and combinations  
of these methods) and by focusing on felt emotions of 
a single subject gathered over sessions  
spanning many weeks. The results we obtain are also 
independent of psychological debates on the 
universality of emotion categories [11],  
focusing instead on user-defined emotion  
categories. However, the previous works lies  
in several drawbacks.  

1) The recognize accuracy strongly depends  
on the data sets. That is, the results were achieved 
for specific users in specific contexts. 

2) For realistic online applications, it is difficult 
to automatically select the most significant features 
and tune specific classifiers to manifold data sets 
obtained from different natural contexts. 

3) The most significant feature subset is the 
combinational optimization problem in nature, which 
is N-P difficult problem.  

4) With the increasing number of emotion 
features, the acquire costs and classifier performance 
of conventional feature selection can degrade the 
performance of classification and computational 
complexity is increasing. 

This paper is about how to gather data 
corresponding to real emotion states and how to find 
the relationship between the emotion and the 
physiological signals in high-dimension space. It is 
novel and different from previous research. GA-KNN 
was adopted to find the relationship between four 
emotions and extracted features. Firstly, we describe 
our physiological data set that we acquired under 
relatively natural conditions. Secondly, a hybrid 
method with GA-KNN for feature extraction and 
selection were considered and evaluated by 
combining it with K-NN classifier. Finally, the 
significant feature (attribute) which represents 
exactly the relevant emotional state was searched  
and was compared to each other for improving 
classification performance. 

 

2. Experimental Method and 
Construction of Datasets  
 
To achieve all these tasks, the system planner is 

then faced with the following equipments in this 
research as follows: 

The MP Hardware system (Fig. 1) describes how  
to connect and set up various signal conditioning and 
amplifier modules for use with the MP System, and 
includes sections that detail different applications and 
uses for the MP System. MP150 System  
module includes: 

1) Data acquisition unit: MP150A-CE.  
2) Universal interface module: UIM100C.  
3) DA100C-Differential Amplifier module.  
4) TCI Series Transducer Connector Interfaces. 
5) Bio-potential Transducer Modules: ECG100C, 

EMG100C, RSP100C, GSR100C.  
6) Ethernet Switch (for user-supplied Ethernet 

card or adapter): ETHSW1 Transformer: AC150A 
Acknowledge software for PC (Window XP) 
BIOPAC systems, Inc. 

7) The MP System is a computer-based data 
acquisition system that performs many of the same 
functions as a chart recorder or other data  
viewing device.  

8) The MP data acquisition unit is the heart of the 
MP System. The MP unit takes incoming signals and 
converts them into digital signals that can be 
processed with your computer.  

 
 

 
 

Fig. 1. MP Hardware system.  
 
 
2.1. MP150A-CE Data Acquisition Unit 

Block Diagram 
 
The MP150 has an internal microprocessor  

to control the data acquisition and communication 
with the computer (See Fig. 2). There are 16 analog 
input channels, two analog output channels, 16 digital 
channels that can be used for either input or output, 
and an external trigger input. The digital lines can be 
programmed as either inputs or outputs and function 
in 8 channel blocks. Block 1 (I/O lines 0 through 7) 
can be programmed as either all inputs or all outputs, 
independently of block 2 (I/O lines 8 through 15).  
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Fig. 2. MP150A-CE Data Acquisition Unit Block Diagram. 
 
 

2.2. Universal Interface Module: UIM100C  
 

The UIM100C Universal Interface Module  
(Fig. 3) is the interface between the MP150/100 and 
external devices. Typically, the UIM100C is used  
to input pre-amplified signals (usually greater than 
+/- 0.1 Volt peak-peak) and/or digital signals  
to the MP150/100 acquisition unit. Other signals  
(e.g., those from electrodes or transducers) connect  
to various signal-conditioning modules.  

 
 

 
 

Fig. 3. UIM100C. 
 
 

The UIM100C is designed to serve as a general-
purpose interface to most types of laboratory 

equipment. The UIM100C consists of sixteen 3.5 mm 
mini-phone jack connectors for analog inputs, two 
3.5 mm mini-phone jack connectors  
for analog outputs, and screw terminals for the  
16 digital lines, external trigger, and supply voltages. 
It is typically used alone to connect polygraph and 
chart recorder analog outputs to the MP System. 
BIOPAC Systems, offers a series of cables that 
permit the UIM100C to polygraphs have analog 
signal outputs, which can be connected directly  
to the UIM100C. 

The UIM100C allows access to 16 analog inputs 
and 2 analog outputs on one side, and 16 digital 
input/output lines, an external trigger, and supply 
voltages on the other side. The UIM100Cis designed 
to be compatible with a variety of different input 
devices, including the series of signal conditioning 
amplifiers (such as the ECG100C). Connections 
between the UIM100C and the MP100 acquisition 
unit are made via two cables: one for analog signals 
(with a 37-pin connector) and one for digital signals 
(with a 25-pin connector). Use the cables included 
with your system to connect the UIM100C to the 
acquisition unit. When using the UIM100C  
with other 100-Series modules, the UIM100C is 
usually the first module cascaded in the chain. If 
using STM100C. ECG100C or HLT100C, the 
module must be plugged in on the left of the 
UIM100C. Up to seventeen modules (including the 
UIM100C) can be snapped together, as illustrated in 
the Fig. 4. 
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Fig. 4. MP100 to UIM100C and amplifier module 
STM100C and UIM100C and amplifier module. 

 
 

2.3. DA100C-Differential Amplifier Module 
 

The differential amplifier module (DA100C) is a 
general purpose, single channel, differential amplifier 
(Fig. 5). 

The DA100C is designed for use in the following 
measurement applications: 
ECG: Cardiology EMG: Electromyogram RSP: 
Respiration SC/GSR: Skin conductance 

The DA100C has one differential input linear 
amplifier with adjustable offset and gain.  
It is used to amplify low-level signals from a variety 
of sources. If the input signal is applied differentially 
between the VIN+ and VIN- inputs, the input signal 
range can be centered on any voltage from -10 Volts 
to +10 Volts with respect to GND. If the signal is 
applied to a single input (with the other input 
grounded), then that signal can range over the 
selected Input Signal (pk-pk) with respect to GND. 
 
 

 
 

Fig. 5. DA100C-DifferentialAmplifier module. 
 

  

2.4. Bio-potential Transducer Modules: 
ECG100C, EMG100C, RSP100C, 
SC/GSR100C 

 

The Bio-potential Transducer Modules joining 
together are shown in Fig.6.  

The Fig. 7 shows the electrode connections to the 
ECG100C for the measurement of lead I. ECG. 
Signals from this electrode montage can be used to 
calculate BPM (or IBI) and general-purpose ECG 
applications. 

 
 

Fig. 6. Bio-potential Transducer Modules 
 joining together. 

 
 

 
 

Fig. 7. The electrode connections to the ECG100C.  
 
 

The ECG100C has built in drive capability  
for use with shielded electrode leads.  
If high bandwidth (resolution) ECG measurements 
are required, then shielded electrode leads are 
recommended. When the interference filter is 
switched on, shielded leads are typically not 
necessary. The ECG100C is designed to pass the 
ECG SIGNAL (P, Q, R, S, T waves is shown Fig.8) 
with minimal distortion. The ECG100C has an 
additional R-wave detector function. When enabled, 
the output signal will produce a smoothed positive 
peak every time the R-wave is detected. This graph 
illustrates ECG data recorded with the ECG100C. 
The top waveform is a raw ECG wave, and the 
bottom waveform is a raw ECG wave, and the 
bottom waveform is the same signal processed using 
the R-wave detector in the ECG100C module. The R-
wave detector circuitry consists of  
1) 17 Hz band pass filter with Q=5. 
2) Full wave rectifier. 
3) 10.0 Hz, three pole, low pass filter with Q=0.707. 
These settings are optimized for ECG data sampled at 
250 Hz or faster. For data sampled at less than 
250 Hz, you may want to set the low pass filter  
to 5 Hz. 

The P, Q, R, S, T waves are shown in Fig.8. 
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Fig. 8. ECG SIGNAL (P, Q, R, S, T waves). 
 
 
3. Collection of Data and Feature 

Extraction  
 

To induce our subject to unaffectedly feel 
different emotions, four music songs were used  
to make himself carefully handpicked in respect  
of four targeted emotion classes, joy, anger, sadness 
and pleasure (Fig. 9). 

 
 

 
 

Fig. 9. Four targeted emotion classes. 
 
 

Music induction methods were used to arouse the 
inner feelings of the subjects, and an emotion 
elicitation protocol, verified to be effective in the 
preliminary study, was provided. Thereby, we 
advised him to choose songs that can bring back 
some special memories to him. An advantage of this 
method is that most people are used to listening  
to music during other activities and for this reason 
tend to associate different moods with specific songs. 
Those links should help our subject to easily switch 
into the desired affective state. While the subject 
listens to the music songs, four-channel biosensors 
are used to record electromyogram (EMG), 
electrocardiogram (ECG), skin conductivity (SC) and 
respiration change (RSP). The total 193 features were 

separately extracted from 4 physiological signals, 
ECG (84), EMG (21), SC (21) and RSP (67). Overall, 
25 recordings (25 days) for each emotion were 
collected. The length of the recordings depends  
on the length of the songs. But was later cropped to a 
fixed of length of two minutes per session and 
emotion. ECG was sampled at 256 Hz, the other 
signals at 32 Hz the original data length 30720. 

The six statistical features can be computed  
for each of the signals as follows:  
1) The means of the raw signals  
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2) The standard deviations of the raw signals. 
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3) The means of the absolute values of the first 
differences of the raw signals. 
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4) The means of the absolute values of the first 
differences of the normalized signals. 
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5) The means of the absolute values of the second 
differences of the raw signals. 
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6) The means of the absolute values of the second 
differences of the normalized signals. 
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The features (1), (2), (3), (4), (5), (6) were chosen 

to cover and extend a range of typically measured 
statistics in the emotion physiology literature [12]. 
Means and variances are already commonly 
computed; the first difference approximates a 
gradient. Note that not all the features are 

independent; in particular, Xδ~  and Xγ~  are nonlinear 

combinations of other features. The four different 
signals, Skin conductivity, Electromyogram, 
Respiration and Electrocardiogram. For each signal a 
number of preprocessing steps are applied, e.g. low 
pass filtering and normalization. Firstly, the raw 
signals were trimmed to a fixed length of two 
minutes. A low pass filter was used to smooth the 
signals and the values were normalized to adjust  
to day-dependent differences in the baseline levels. 
The baseline of the SC signal was calculated and 
subtracted to consider only relative amplitudes. 
Artifacts of respiration and heart beat were deducted 
from the EMG signal. The breathing rate and 
amplitude were computed from the RSP signal. By 
detecting the R wave the heartbeat was calculated 
from the ECG signal. Afterwards, typical statistical 
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values, such as mean value and standard deviation, 
were computed. Overall 193 features were extracted 
from the four signals. A bunch of statistical features 
such as mean and standard deviation are then 
calculated from the preprocessed signals as well as 
different transformations of the signals, e.g. 
respiration rate and heart rate variability. The same 
statistical features are also obtained from the 
approximation of the first and second derivation. 
Each feature gets a unique name composed of the 
abbreviations listed in Table 1. 
 
 

Table 1. Abbreviation and descriptions of signals. 
 
Name Description Abbreviation

SC 
EMG 
RSP 
ECG 
1Diff 
2Diff 
Pulse 
Ampl 
P, q, r, s, 
Hrv 

Skin conductivity 
Electromyogram 
Respiration 
Electrocardiogram 
Approximation of first derivation 
Approximation of second 
derivation 
Pulse signal 
Amplitude signal 
p-,q-,r-,s-,t-peak (ECG) 
Heart rate variability 

mean 
median 
std 
min 
max 
range 
maxRatio 
SpecRange 

 
 

Instructions: Abbreviation and descriptions of 
signals and transformations; e.g. rspPulse1Diff stands 
for the first derivation of the pulse rate obtained from 
the Respiration signal. Emg1Diff-median stands for 
the median value of the first derivation of the 
Electromyogram. 
 
 
Construction of Feature Matrix 
 

According to the raw signals, typical statistical 
values, such as mean value and standard deviation, 
were computed, raw feature matrix are constructed.  

Instructions: the raw feature matrix dimension 
100*193, overall 193 features were extracted from 
the four signals: ECG (84), EMG (21), SC (21), RSP 
(67), each emotion has 25 samples, and put the four 
affective states samples together in order, that’s the 
raw feature matrix’s dimension 100*193. 
 
 

4. Feature Subset Selection Using the 
Genetic Algorithm and k-Nearest 
Neighbors 

 
First of all, we tried to determine which features 

are most relevant to differentiate each affective state. 
Obviously, it is the optimal feature subset selection 
and a combinational optimization problem; so we 
regards the emotion recognition as the pattern 
recognition problem; the GA and the pattern 
recognition were combined to recognize affective 
states from physiological signals. How to search the 
optimal emotion feature subset is the combinational 

optimization problem; we attempted to search the 
optimal feature subset which represented exactly the 
relevant affective states. Originality: the modern 
intelligent optimization algorithm is the first applied 
to emotion recognition using physiological signals. 
Algorithm searching principles and flow chart is 
shown in Fig.10. 

 
 

physiological signals
feature matrix

Searching feature
modes using Genetic

algorithm

Evaluat ion funct ion
£¨ K-near neighbors£©

feature subset
  the optimal
 feature subset

recognition rates feature subset

 
 

Fig. 10. Searching method of wrapper features. 
 
 

Chromosome encoding rule is shown in Fig.11. 
Each individual in the population represents a 
candidate solution to the feature subset selection 
problem. Let m be the total number of attributes 
available to choose from to represent the patterns to 
be classified. It is represented by a binary vector of 
dimension m (where m is the total number of 
attributes). If a bit is a 1, it means that the 
corresponding attribute is selected. A value of 0 
indicates that the corresponding attribute is not 
selected. 

 
 

1 100010100

0 011000011

1 00010001

1 100010100

feature 1 feature 10

chromosome 1

chromosome m

chromosome 2

chromosome 3

feature 3feature 2

 
 

Fig. 11. Chromosome encoding rule. 
 

 
The fitness function has to combine two different 

criteria—the accuracy of the affective samples 
classification and the number of the individual 
attributes. A relatively simple form of 2-criteria 
fitness function was defined as follows 

( ) ( / )f x c n N zeros= + , where c is the weight  

of experience value, N is the total samples, n is the 
number of samples were classified accuracy. Zeros is 
the number of ‘0’ in chromosome. The high classified 
accuracy means that the fitness is high,  
for two individuals whose test accuracy is equal, the 



Sensors & Transducers, Vol. 172, Issue 6, June 2014, pp. 147-156 

 153

fewer attributes’ individual wins. 
According to the fitness value, individuals were 

selected with retention policies with the elite 
selection and roulette wheel selection method. The 
bigger the probability of being selected is, the 
number of its offspring is bigger to. Randomly selects 
two individuals and R positions on the gene codes of 
individuals. If R positions are selected, the code parts 
of the two individuals behind the R position will 
exchange; According to the dimension of attributes 

,L R  is variable. 

1) Achieve iteration times M. 
2) In the process of p generation the average fitness 
value remains unchanged. 

ε≤−+ avnavn ff )()1(  
 
 

4.1. Algorithm Process 
 
Step 1: According to the four physiological signals 
ECG, EMG, SC and RSP. Feature was extracted and 
Eigen matrix was constructed; ECG: 100×84,  
EMG: 100×21, SC: 100×21, RSP: 100×67. 
Step 2: Initial population. Produce m binary strings 
whose lengths are L, each bit in each binary string is 
random. If a bit is a 1, it means that the 
corresponding attribute is selected. A value  
of 0 indicates that the corresponding attribute is  
not selected. 
Step 3: Based on Step 2, Pick the corresponding 
feature subset from the Step 1 Eigen matrix, for each 
individual, the fitness value was estimated and was 
ranked according to recognition accuracy rate. 

The current generation’s average fitness value 
was recorded. 
Step 4: The current generation’s the best fitness 
value (recognition accuracy rate) and the 
corresponding optimal feature subsets were recorded.  

Step 5: The best recognition accuracy and the 
corresponding optimal feature subset were recorded.  
Step 6: Decide whether the algorithm’s termination 
rules were met or not. If it was met, turn to Step 5;  
or turn to Step 7. 
Step 7: Execute copy operation. Individuals are 
selected with retention policies with the elite 
selection and roulette wheel selection method. 
Step 8: Execute crossover operation. Probability  

of crossover cp , Crossover position R. 

Step 9: Produce the new generation, and turn  
to Step 3. 
Algorithm parameters: 
Population size: 80m =  
Probability of selection of the highest ranked 
individual: 0.6vp =  

Iteration times: 1000I =  
Probability of crossover: 0.6cp = , 20p =   

Probability of mutation: 0.01mp = , 002.0=ε   

ECG feature dimension 84L =  crossover position 
10=R   

EMG feature dimension 21L =  
Crossover position 5R =  
SC feature dimension 21L =  crossover position 

5=R   
RSP feature dimension 67L =  
Crossover position 8R =  K-nearest neighbors 3k =  
Program running times: 0 50R = .  
 
 
4.2. Experimental Results 

 
The results with program running 50 times test 

sets based on the same method validation are shown  
in the following Tables 2-5.  

 
 

Table 2. Recognition results using single physiological signal. 
 

      the best
  accuracy  rate

  feature
dimension

dimensional
  reduction

88%
76%
56%
68%

56%
76%
100%
76%

76%
72%
72%
48%

40%
68%
36%
40%

80%
72%
52%
56%

52%
72%
96%
52%

68%
64%
64%
36%

32%
64%
32%
32%

86%
74%
55%
60%

54%
75%
97%
64%

72%
68%
68%
46%

36%
66%
34%
38%

84
21
67
21

84
21
67
21

84
21
67
21

84
21
67
21

35
 8
32
 8

41
10
32
 8

41
 7
35
 9

36
 8
42
 6

ECG
EMG
RSP
SC

ECG
EMG
RSP
SC

ECG
EMG
RSP
SC

ECG
EMG
RSP
SC

joy

anger

 sadness

pleasure

    the worse
  accuracy rate

    the average
  accuracy rate
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Table 3. Anger recognition rates reach 96 %, feature subset were always searched in ten experiments (feature dimension 6). 
 

Times Feature1 Feature 2 Feature 3 Feature 4 Feature 5 Feature 6 

1 RSP1diff-max RSP2diff-max SC1diff-mean 
EMG2diff-

median 
ECGP-median HRV 

2 RSP2diff-max RSP1diff-max HRV SC1diff-mean SC1diff-var ECGP-median 

3 
EMG1diff-

mean 
SC-minradio RSP1diff-max RSP-median HRV 

ECGR-
amplitude 

4 ECGP-median SC1diff-mean RSP2diff-max 
ECGR-

amplitude 
SC-minradio 

EMG2diff-
mean 

5 HRV 
EMG-

minradio 
SC-minradio RSP2diff-max RSP1diff-max 

ECGR-
amplitude 

6 SC-minradio RSP2diff-max SC1diff-mean RSP1diff-max HRV 
EMG1diff-

mean 

7 ECGP-median RSP-median RSP1diff-max RSP2diff-max 
EMG2diff-

mean 
SC1diff-mean 

8 
ECGR-

amplitude 
SC1diff-var RSP-median SC-minradio RSP2diff-max RSP1diff-max 

9 RSP2diff-max SC1diff-mean HRV SC1diff-var RSP-median SC-minradio 

10 SC-minradio SC1diff-var 
EMG2diff-

median 
RSP2diff-max 

EMG1diff-
mean 

RSP1diff-max 

 
 

Table 4. Each feature occurrence frequency in ten experiments, recognition rates reach 96 %. 
 

 
 
 

Table 5. Results of identification with single physiological signal. 
 

physi ol ogi cal
  si gnal

   average
accuracy rat e val ence

ECG

EMG

RSP

SC

61.75%

    71%

  63.5%

49.25%

70%

74.5%

76%

56.5%

61%

70.5%

44.5%

50.5%

 high arousal--joy£¬anger £»low arousal--pleasure£¬sadness

positive valence--joy£¬pleasure£»negitive valence--anger£¬sadness

arousal•
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4.3. Analysis of the Experimental Results  
 
According to the Table 2, we can draw some 

significant conclusion as follows: 
1) The raw feature dataset is feasible and 

effective to recognize the following four affective 
states: joy, anger, pleasure, sadness. Because  
of the feature’s redundancy, it doesn’t mean the more 
number of features are, the high recognition  
accuracy will be.  

2) There are a great difference in the process  
of emotion recognition between different 
physiological signals and different affective states. 

3) The method that GA was used to search the 
optimal feature subset was feasible and effective. 
Furthermore, the number of features is a great 
difference when the recognition rates are best. Which 
features are most relevant to differentiate each 
affective states were different. And the relevant 
features are different, so the feature combinations 
have a great difference. 

4) Great differences have taken place while 
recognizing the different affective states using one 
and the same physiological signal, which shows the 
physiological signals have a great difference  
in different affective states, such as the anger 
recognition accuracy gained 97 % using the 
physiological signal RSP. 

5) The affective state pleasure gained only 34 %, 
it showed that the anger was easier recognized than 
the pleasure using the physiological signal RSP. 

6) Reducing the dimension of the feature space 
has two advantages. First of all, the computational 
costs are lowered and secondly the removal of noisy 
information may lead to a better separation  
of the classes. 

As we can see from Table 3, we picked the 
emotion anger recognition rates reach 96 %, feature 
subset (feature dimension 6) was searched in ten 
experiments. Reducing the dimension of the feature 
space may lead to a better separation of the classes. 

To find out which features are significant for a 
specific emotion. We expect to the fewer feature 
dimension, the high accuracy and the most cost  
of attributes. Fourteen different features are  
picked out.  

As the Table 4 are shown that, feature subset 
selection is based on both the generalization accuracy 
and the measurement cost of attributes. In order  
to demonstrate the importance to each feature, we 
record each feature occurrence frequency in ten 
experiments. The more the feature appears frequent, 
the more important it is. Obviously, RSP1diff-max, 
RSP2diff-max reappears with increasing frequency 
in ten experiments. These indicated the RSP 
represented the anger easier than the others.  

Table 5 shows that for four affective  
data it was easier to distinguish emotions along the 
arousal axes than along the valence axes, 
e.g. a higher breathing rate for emotions with a 
negative valence.  

 

5. Conclusions 
 

In this paper, we investigated a novel method  
for a user dependent emotion recognition based  
on the processing of physiological signals. The sheer 
difficulty in this field is how to gather data 
corresponding to real emotion states and how to find 
the relationship between the emotion and the 
physiological signals in high-dimension space. In our 
research, the database used for emotion recognition is 
obtained from multiple subjects when they were 
experiencing the specific feelings, so the bio-signal 
database can represent the nature emotion state.  
To arouse the inner feelings of the subject, music 
induction methods were used as stimulus. It is 
different from most of the previous studies; it is 
different from most of the previous studies, in which 
the emotion was intentionally ‘tried and felt’, or 
‘acted out’. After the preliminary test, three music 
inductions that can successfully elicit the target 
emotion were selected. A good emotion elicitation 
protocol for the emotion research on Chinese 
undergraduates is provided. Physiological data was 
acquired in four different affective states and  
GA-KNN methods have been tested. We selected 
four significant physiological signals including ECG, 
EMG, SC, and RSP, which is easy to obtain 
relatively, to recognize emotion. Based on the data-
processing, 193 features were obtained from the raw 
signals. To overcome the high-dimension 
classification difficulty, GA-KNN, a combination  
of predictor and dimension-reducing technique, was 
adopted. Recognition accuracy is up to 97 %, which 
is much higher than previous studies. The 
classification results were quite encouraging, and 
showed the feasibility of a user-independent emotion 
recognition based on physiological signals. The 
experimental results show that it is feasible and 
effective to classify emotion. Modern intelligent 
optimization algorithm was used to find which 
features are significant for some emotion data. 
Although differences in the physiological response  
of the subjects were noticed we also found 
similarities, e.g. joy was characterized by high  
SC- and EMG-levels, deep and slow breathing and 
an increased heart rate. In contrast, anger was 
accompanied by flat and fast breathing. These 
conclusions were consistent with the [13]. 
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