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1 Introduction 

1.1 Brain-Computer-Interface  

With the improvement of understanding in the nervous system functions and the 

computer technology, the research of Brain-Computer-Interface (BCI) technology 

is showing a clear upward trend. At present, BCI technology has attracted the 

widespread attention of scientific and technological workers in many disciplines 

in the world. Brain Computer Interface (BCI), also named neural control interface 

(NCI), mind–machine interface (MMI), direct neural interface (DNI), or brain–

machine interface (BMI), is a direct communication pathway between the 

enhanced or wired brain and the external device. BCIs are generally applied in 

the field of researching, mapping, assisting, augmenting, and repairing human 

cognitive or sensory-motor functions (Krucoff, 2016). 

The earliest research about BCI is in the 1970s, at the University of California, 

Los Angeles (UCLA). Professor Jacques Vidal (1973) coined the term "BCI" and 

produced the first batch of peer-reviewed publications on the subject. Based on 

their work, various studies were developed to investigate the interactions between 

the human brain and the external device aiming to reveal the neural mechanism 

of brain activity and promote the development of neuroscience. Now, there are 

three BCI achievement strategies: invasive BCI, partially invasive BCI, and non-

invasive BCI. 

Invasive BCI：Invasive BCI requires surgeries to implant electrodes in the gray 

matter of the brain under the scalp to detect brain signals. The obtained signal 

quality of this type of BCI is relatively high. Because it can accurately observe 

the excitement of a single neuron. At present, this BCI strategy has achieved 

certain results in repairing vision (non-congenital blindness) (Naumann, 2012) 

and human movement (nerve signals to simulate movement) (Kennedy, 1998). 

However, there are many constraints in the research of invasive BCI. It needs 
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surgeries to implant electrodes in the subjects’ brain, which concerns the 

academic ethics and the subject’s agreement. Moreover, it requires a serous 

operation environment and security discipline during the experiment. Thus, 

invasive BCI is not effective for researchers with the low applicability.  

Part of the invasive BCI: Part of the invasive BCI also requires surgery. But it 

is generally implanted into the cranial cavity outside the gray matter (Gulati, 

2015). Compared with the invasive brain-computer interface, part of the invasive 

BCI reduced the difficulty of implantation and the risk of immune response and 

callus. By using the partially invasive BCI, we can get the cortical 

electroencephalogram (ECoG), which has a better resolution signal than the non-

invasive BCI. However, it also has limitations, such as the risk of surgery and the 

ineffectiveness. 

Non-invasive BCI: Non-invasive BCI collects signals outside the human body 

through external devices. Non-invasive signals include scalp 

electroencephalogram (EEG), functional near infrared spectroscopy (fNIRS), and 

functional magnetic resonance imaging (fMRI) (Niedermeyer, 2004). Overall 

devices are more convenient and safer than the invasive and the partial invasive 

BCI. Notably, the recorded signal is significantly affected by the attenuation effect 

of the skull, the dispersion, the blur effect on the neurons emitted electromagnetic, 

and the artifact of the human activities. Thus, the resolution is not desirable 

enough for research. It needs a series of preprocessing operations to improve the 

signal to noise ratio (SNR) (Bozinovski, 2009). Though there are the 

aforementioned disadvantages of the non-invasive BCI, it is widely applied in the 

field of neuroscience, because of the significant practicability, low requirement 

of the experiment, and low cost.  

Non-invasive signals include scalp electroencephalogram (EEG), functional near 

infrared spectroscopy (fNIRS), and functional magnetic resonance imaging 
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(fMRI). In clinical medicine, functional near infrared spectroscopy (fNIRS) can 

be used among the various brain function imaging studies. It is particularly 

suitable for brain function imaging studies targeting children, the elderly, and 

special populations. However, its spatial resolution is limited. So, most studies 

using fNIRS only report changes in blood oxygen but rarely report spatial 

resolution. At the same time, fNIRS is mainly a confirmatory study currently. It 

is necessary to use cranial reference electrodes to estimate the core area of 

cognitive activity in the brain. Functional Magnetic Resonance Imaging (fMRI) 

measures brain activity by detecting changes related to blood flow. It is mainly 

used to map functional areas, detect the asymmetry of left and right hemispheres 

in language and memory areas. However, this equipment is complicated. And the 

participants are exposed to a strong magnetic field during the test, which will 

cause discomfort and some implantable medical devices such as pacemakers to 

malfunction. Electroencephalogram (EEG) is most commonly used to diagnose 

epilepsy because it can capture abnormal EEG readings (Tatum, 2014). It can also 

be used to diagnose sleep disorders, depth of anesthesia, coma, encephalopathy, 

and brain death. What’ s more. The cost of the equipment is low, the operation is 

simple, and the compatibility with the subjects is also high. Compared with other 

technologies, it is proactive and can provide millisecond-level time resolution. 

Therefore, despite the limited spatial resolution, EEG is a valuable research tool 

with ideal temporal resolution, which is regarded as the ‘golden standard’ in 

various research filed. 

1.2 Electroencephalography 

Electroencephalography (EEG) is an electrophysiological monitoring method to 

extract brain waves. It is to place electrodes on the scalp to record the voltage 

fluctuations generated by the brain neurons. There is a long history of EEG 

investigation. A hundred years ago, researchers have discovered the existence of 



 

6 

 

the EEG signal. In 1875, Richard Caton (1875) firstly published his findings 

about the electrical phenomena in the exposed brain hemispheres of rabbits and 

monkeys in the British Medical Journal (Coenen, 2014). In 1890, Polish 

physiologist Adolf Beck published a study of spontaneous electrical activity in 

the brains of rabbits and dogs, including rhythmic oscillations which were altered 

by light. Baker studied the brain electrical activity of animals. He placed 

electrodes directly on the surface of the brain to test sensory stimulation. His 

observation of fluctuations in brain activity led to the conclusion of brain waves.  

Nowadays, EEG has been a popular method in the field of scientific research to 

investigate cognition task, mental state, and brain disease due to the feasibility of 

long-term recording and the adaptability of spreading in real life (Song T, 2018). 

For example, Lee (Lee, 2015) et al. used phase synchronization and correlation 

methods to build the brain function network under various emotions. They found 

that the brain function network structure is significantly different under different 

emotions, which was suitable for emotion type detection. Especially using related 

methods, the functional connectivity between the temporal lobe and occipital lobe 

in the α band is significantly different. Benwell (Benwell, 2020) et al. compared 

the cognitive function correlation between type 2 diabetes (T2DM) and 

Alzheimer's disease (AD) patients and normal people's EEG. They found that the 

characteristic of pathological brain aging is the oscillation power changes from 

higher frequency to lower frequency. Because EEG has good time resolution and 

is sensitive to cognitive and mental states, it has been widely used in various 

experimental studies (Nie D, 2011) and is regarded as the "gold standard" for 

brain activity detection.  

1.3 Emotion Recognition 

The computer can recognize people’s intentions by various approach: voice, 

behavior, and text. However, one sentence or one behavior will show the different 
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meanings when people are in different emotions. Computers can only recognize 

the original meaning of people’s expression but ignore their emotions. With the 

rapid development of smart technologies, it is an urgent issue for computer to 

assess people’s real intention and choose the optimal solution for them. For 

example, by recognizing human emotions, intelligent collaboration or service 

robots can be designed to interact with humans or judge the emotional state of 

potential customers, and then accurate advertising can be placed. Emotion is a 

compound state of the organism, which involves both experience and 

physiological response. The components of emotion include at least three factors: 

emotional experience, emotional performance, and emotional physiology. 

Corresponding to different emotion induction methods, emotion recognition 

methods are also different. Common emotion recognition methods are mainly 

divided into two categories: recognition based on non-physiological signals and 

recognition based on physiological signals (Katsigiannis, 2018). 

For the non-physiological signals, there are mainly two types of methods: facial 

expression and voice intonation recognition. Among them, Goldman (Goldman, 

2005) et al. used human facial expressions to establish a model of anger, fear, and 

disgust. They conducted a reverse simulation to achieve a recognition rate of 

40.6%. OW Kwon (Kwon, 2003) et al. used human voice to recognize five 

emotions: anger, boredom, happiness, calm, and sadness with features such as 

selected pitch, log energy, formant, and multi-band energies. The model achieved 

a recognition accuracy of 42.3%. The advantage of such behavioral methods is 

the convenience in the operation and low requirement in the device. However, the 

reliability of emotion recognition cannot be guaranteed, because people can 

express false emotions by concealing facial expressions and voice intonation, 

which is usually difficult to be detected. Furthermore, persons with disabilities or 

certain special diseases are usually difficult to express recognizable emotional 
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behaviors. 

On the other hand, current physiological signal-based emotion recognition 

methods mainly focus on the autonomic nervous system and the central nervous 

system. The autonomic nervous system-based emotion identification method is 

achieved by measuring physiological signals such as heart rate, skin resistance, 

and respiration. Picard (Picard, 2001) et al. identified eight different emotions, 

including calm, anger, disgust, sadness, pleasure, romance, happiness, and fear 

through the measurement and analysis of the human autonomic nervous system 

(triode electromyogram, blood volume pressure, skin conductance, and Hall 

effect breathing sensor). Nevertheless, Collet (Collet, 1997) et al. also pointed 

that there is no separate index for skin conductance, skin potential, skin resistance, 

and skin blood flow, and no set of parameters that can distinguish each emotion. 

Therefore, these signals are not suitable for practical applications due to their low 

accuracy and lack of reasonable evaluation standards. 

The recognition method based on the central nervous system refers to the emotion 

recognition by evaluating different signals generated by the various brain 

activities. The brain activities are the initial reactions of the human emotion 

alteration. Thus, such signals are not easy to be disguised. Furthermore, 

investigating the neural mechanism of emotion can provide the direct evidence 

for the related neural research. Now, there are three feature extraction strategies 

in the EEG-based investigation of emotion recognition: power spectrum density 

(PSD), functional connectivity (FC), and nonlinear dynamic characteristic. Li (Li, 

2019) et al. constructed brain network with phase lock value and used a multi-

feature fusion method for emotion recognition. They also investigated -band 

power distribution differences between various emotional states. For MAHNOB 

dataset, the best classification accuracy was 67% ± 0.09% (mean ± std), obtained 

by the combination of differential entropy (DE) and potentiels dvoquds visuels 
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(PEV) characteristics. The best classification accuracy for the SEED dataset was 

88% ± 0.07%, obtained through the combination of DE and network patterns 

(ENP) features. Thammasan (Thammasan, 2016) et al. used the combinations of 

-band, -band, and -band power as features and SVM as the classifier and 

achieved a classification accuracy of 87.2%. Henry Candra (Candra , 2017) et al. 

explored the combination of wavelet entropy and average wavelet coefficient 

(WEAVE) of -band, -band, -band, and -band features. The classifier with 

WEAVE function achieved an accuracy of 76.8% in terms of valence.  

1.4 Conclusion 

Currently, there are both various emotion recognition methods and 

comprehensive investigations of them. However, the effectiveness of different 

features is unrevealed. We use multi-dimensional features to classify emotion data 

and further verify the capabilities of features. Due to the large number of features, 

we use the feature selection method to select feasible features. With emotion-

related channels and features, we can achieve satisfactory classification accuracy 

and reduce the computation complexity. 
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2 Experimental materials and methods 

1.1 Fundamental of EEG Signal 

According to the formation mechanism, EEG can be divided into two types: 

spontaneous and evoked EEG. The spontaneous EEG is the generated by the 

normal physiological activities of the cerebral cortex. The evoked EEG is induced 

by visual, auditory, or sensory stimulations. Compared with evoked EEG, 

spontaneous EEG is easier to be detected and low requirements on external 

conditions. Especially, it does not need specific stimulus to generate required 

features. Whether the EEG is evoked or nor, the fundamental of EEG is constant.  

The EEG is extracted by the electrodes, which are generally placed on the cortex 

of the human brain. The placement of electrodes according to the functional areas 

of the brain. Fig. 2.1 shows the electrode placement method of the international 

10-20 system: 

 

 

Figure 2.1.1 International 10-20 system. Fp: frontal pole, F: frontal lobe, C:central area, T: 

temporal lobe, and P: parietal lobe. O: Occipital lobe. 

Each area shows the unique function, and the different areas work together to 

achieve the brain function. The frontal lobe is an important component of brain 
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cognition task, and, especially, the prefrontal lobe is considered to be an important 

component for the information transmission to other regions. When the frontal 

lobe is damaged, it can cause malfunction of human brain in language, emotion, 

and mental activity. The function of parietal lobe is to provide people with sense 

of pain, touch and others. It is also related to spatial cognition. The occipital lobe 

is mainly to process visual information. When it has problems, it may cause 

dizziness, blindness or loss of memory. The temporal lobe processes auditory 

information and auditory organs, which are related to the language system. The 

anterior part of the temporal lobe is the mental cortex, which is related to human 

emotions and mental activities. 

The EEG is the electrical signal changed with time. The time relationship of the 

potential activity of different areas is its phase difference. Some EEG studies 

mostly focus on the changes and relationships of these areas to investigate the 

EEG features in the spatial and temporal domain. In addition, the performance of 

EEG in different frequency bands are more obvious, so there is also a deep 

research in the frequency domain. Typically, the brain activities are highly 

dynamic, thus EEG is a non-stationary signal. 

Various human cognitive activities show significant differences in different 

frequency bands. Therefore, choosing suitable frequency bands for different 

studies can provide better performance. Generally, frequency bands are divided 

into four categories (Fig. 2.1.2). 

1. 𝛿  wave:  Its frequency is between 0.5 ~ 4 Hz. Delta waves are usually 

associated with the deep stage 3 of NREM sleep, also known as slow-wave 

sleep (SWS), and aid in characterizing the depth of sleep. 

2.  wave: Its frequency is between 4 ~ 7 Hz.  wave is related to memory 

emotions, attitudes, and mental fatigue. This frequency band signal may 
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appear when a person is in mental relaxation or light sleep. It generally 

emerges in the frontal lobe. 

3.  wave: Its frequency is between 8 ~ 13 Hz. When the α wave exist, one's 

consciousness remains awake and the body is greatly relaxed. In this state, 

people show the best learning and thinking abilities. 

4.  Wave: Its frequency is between 13 ~ 30 Hz.  wave reflects the activity state 

of cerebral cortex cells, such as various logical thinking, calculation and other 

mental tasks. 

5.  wave: Its frequency is between 30 and 40 Hz. When the human mind is 

focused on a specific task, the  wave will be observed. 

 

Figure 2.1.2 EEG waveforms in different frequency bands. 

1.2 Experimental Materials 

This paper used the emotion EEG dataset from the 2020 World Robot 

Conference-Brain-Computer Interfaces (BCI) Contest, provided by Shanghai 

Jiaotong University. The dataset includes 23 subjects (Chinese / French = 15/8), 
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each of them participated the same emotion induction experiment twice. 

According to the significant differences between Chinese and French subjects, 

French subjects were excluded from this paper. Therefore, there were 30 sessions 

in this paper. The original EEG data was extracted by the ESI neural scanning 

system (Advanced Medical Equipment Ltd). The electrodes placement was 

according to the 62 channel International 10-20 System (Fig.2.2.1). The sample 

rate is 1000 Hz.  

 

Figure 2.2.1 Channel map used when collecting experimental materials 

During the experiment, each subject was asked to watch selected movie clips, 

including three emotion types (Positive, Neutral and Negative), to induce the 

corresponding emotions. In order to inhibit other cognitive activities of the brain, 

the duration of the experiment was strictly limited to a short time: one experiment 

contains 15 movies, each of them was less than 3 minutes. Detailed, as shown in 

the Fig.2.2.2, there were a series of trial (15 in this experimental protocol) in the 

experiment, and each trial contained 5 s hint of start, approximately 2 min film 

clip, and 45 s self-assessment.  
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Figure 2.2.2 Emotion induction experiment process 

1.3 Data Preprocessing 

The EEG signal is significantly affected by various artifacts with low signal-to-

noise ratio (SNR), which has a great influence on the subsequent analysis and 

recognition performance. Especially, a non-invasive acquisition method was 

applied that various factors caused the interference of EEG signal, such as 

electrooculogram (EOG), electromyography (EMG), electrocardiogram (ECG), 

head motion artifacts, and sweating. Therefore, a standard data processing 

procedure was utilized to improve the SNR of EEG signal, as following: 

1. 1 ~ 50 Hz band-pass filtering. Usually 0.5-45Hz EEG signals are useful in 

emotion-related analysis research. Therefore, it is necessary to remove the 

useless signals. Also, it can reduce the 50 Hz noise of the powerline. 

2. Re-reference. The electrodes were referenced to the average reference. It also 

can remove the ECG noise. 

3. Detrend. The recorded data generally shows the increasing trend, this 

procedure can make them flattened.  

4. Independent component analysis (ICA). ICA can decompose EEG signals into 

different signal components. The artifact, like EOG, can be reduced by 

removing the corresponding components. Then, the processed components 

were reconstructed into the EEG signal. 

5. Frequency band segmentation. The raw data was divided into four frequency 

bands: θ (4 ~ 7 Hz), α (8 ~ 13 Hz), β (13 ~30 Hz), γ (30 ~ 40 Hz). 
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1.4 Features Extraction 

The EEG signal contains a wealth of information. Emotion-related research 

mostly based on the power spectrum characteristics of EEG signals, functional 

connection characteristics, nonlinear dynamic characteristics and their 

combination. This paper applied these features for features extraction. 

2.4.1. Power Spectral Density（PSD） 

In physics, signals are usually represented in the form of waves, such as 

electromagnetic waves, random vibrations, or sound waves. When the power 

spectral density of the wave is multiplied by an appropriate coefficient, the power 

carried by the wave per unit frequency will be obtained, which is called the power 

spectral density of the signal. 

There is an EEG channel x(𝑖), i = 1,2,3, … , N, the PSD 𝑃𝑥(𝑓) is computed by: 

𝑃𝑥(𝑓) =
1

𝑁
|𝑋(𝑓)|2 

where N is the point number of the signal. 

The power of each frequency band (E(ℎ)) is computed by: 

 

𝐸(ℎ) =
1

𝑓ℎ − 𝑓𝑙
∫ 𝑃𝑥(𝑓)𝑑𝑓

𝑓ℎ

𝑓𝑙

 

2.4.2. Phase Locking Value (PLV) 

The PLV is a statistical characteristic that can be used to study task-induced 

changes in the remote synchronization of neural activity. PLV statistics can be 

regarded as connectivity between different areas. Intuitively speaking, if the EEG 

signals in the two channels rise and fall together lager than the threshold, the 
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synchronicity between two electrodes enhances the connectivity. If it is less than 

the threshold, it means that the two electrodes are out of sync or the connectivity 

is not existing. Noteworthy, PLV does not care about the covariance of the EEG 

power between the two electrodes, but the phase synchronization. The calculation 

of PLV is according to the following steps: 

Consider a pair of EEG signals 𝑥1(𝑡) and 𝑥2(𝑡), the Hilbert transform of 𝑥𝑖(𝑡) is 

defined as: 

HT(𝑥𝑖(𝑡)) =
1

π
PV ∫

𝑥𝑖(𝑡)

𝑡 − τ
𝑑τ

∞

−∞

 

where 𝑃𝑉 represents Cauchy principal value. 

Analytic signals 𝑍𝑖(𝑡) = 𝐴𝑖(𝑡)𝑒𝑗ϕ𝑖(𝑡)  for i = {1,2}  and j = √−1 . The relative 

phase can be computed as: 

Δϕ(𝑡) = arg (
𝑍1(𝑡)𝑍2

∗(𝑡)

|𝑍1(𝑡)||𝑍2(𝑡)|
) 

 The PLV is then defined as: 

PLV = |𝐸[𝑒𝑗Δϕ(𝑡)]| 

The PLV is a value between 0 and 1, 0 means purely random rise and fall, and a 

value of 1 means that one signal follows another perfectly.  

2.4.3. Nonlinear Dynamic Characteristic 

The brain is a complex nonlinear dynamic system, a network system composed 

of a large number of nonlinear neurons through a wide range of connections, 

which causes the function of the nervous system to show mobility (𝑚2 ) and 

complexity (𝑚4). The reconstruction of the phase space equivalent to the original 

phase space of the system from the scalar time series is the basis of the nonlinear 

dynamics method. 
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By definition, mobility (𝑚2 ) and complexity (𝑚4 ) are given by the following 

equations，𝑇 is the signal acquisition period, τ is time constant: 

𝑚2 = ∫ ω2𝑆(ω)𝑑ω
∞

−∞
=

1

𝑇
∫ (

𝑑𝑓

𝑑𝑡
)

2
𝑑𝑡

τ

𝑡−𝑇
, 

𝑚4 = ∫ ω4𝑆(ω)𝑑ω
∞

−∞
=

1

𝑇
∫ (

𝑑2𝑓

𝑑𝑡2)
2

𝑑𝑡
τ

𝑡−𝑇
. 

where 𝑚 is the spectral moment of order 𝑛, S(ω) is the power density spectrum, 

and 𝑓(𝑡) is the time biological signal. The discrete formula used to calculate these 

parameters is based on the following: 

𝑚2 =
σ𝑑

σ𝑎
, 

𝑚4 =
σ𝑑𝑑

σ𝑑
|

σ𝑑

σ𝑎
, 

where σ𝑎
2  is the variance of the biological signal a, σ𝑑 is the standard deviation of 

the first derivative of a, and σ𝑑𝑑 is the standard deviation of the second derivative 

of a. 

1.5 Classification 

After feature extraction and selection, we need to apply the classification 

algorithm on the training sample to generate a classification model, and then use 

the model on the test sample to acquire prediction results. Finally, according to 

the prediction results, the performance of the classification model is evaluated. 

The classifiers we currently applied were support vector machines (SVM), 

random forest (RF) and BP_adaboost. The classification accuracy was computed 

by 10-fold cross-validation. 

2.5.1 Support Vector Machines (SVM) 

SVM is a method based on kernel function, which maps feature vectors to high-

dimensional space through certain kernel functions, and then establishes a linear 
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discriminant function. In a sense, the optimal solution is to maximize the distance 

between the feature vector closest to the segmentation surface and the 

segmentation surface in the two categories. The feature vector closest to the 

segmentation surface is called "support vector", which means that other vectors 

do not affect the segmentation surface. 

Given training examples {𝑥𝑖 , 𝑦𝑖} ,𝑖 = 1 ,⋯ , 𝑙 , where each example has d inputs 

(𝑥𝑖 ∈ 𝑅𝑑) , and a class label with one of two values (𝑦𝑖 ∈ {−1,1}) . Now, all 

hyperplanes in 𝑅𝑑  are parameterized by a vector (𝑤) , and a constant (𝑏) , 

expressed in the equation: 

𝑤 ⋅ 𝑥 + 𝑏 = 0, 

 Given such a hyperplane (𝑤, 𝑏) that separates the data, the classification result 

was computed by: 

𝑓(𝑥) = sign(𝑤 ⋅ 𝑥 + 𝑏), 

However, a given hyperplane represented by (𝑤, 𝑏) is equally expressed by all 

pairs {𝜆𝑤, 𝜆𝑏} for 𝜆 ∈ 𝑅+. All such hyperplanes have a “functional distance” ≥ 1. 

This shouldn’t be confused with the “geometric” or “Euclidean distance”. For a 

given hyperplane (𝑤, 𝑏), all pairs {𝜆𝑤, 𝜆𝑏} define the exact same hyperplane, but 

each has a different functional distance to a given data point. The geometric 

distance from the hyperplane to a data point must be normalized by the magnitude 

of w: 

𝑑((𝑤, 𝑏), 𝑥𝑖) =
𝑦𝑖(𝑥𝑖⋅𝑤+𝑏)

‖𝑤‖
≥

1

‖𝑤‖
. 

The kernel function of SVM in this paper is radial basis function (RBF) and the 

learning method is sequential minimal optimization (SMO). The best parameter 

of c and g were search from the space of 210, 29, … ,2−9, 2−10. 
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2.5.2 Random Forest 

Random forest can solve both regression problems and classification problems. 

The random forest can vote for each category by collecting the child nodes of 

many trees, and then select the category that gets the most votes as the judgment 

result.  

The basic subsystem, when the random forest is established, is a decision tree. 

When building a decision tree, it will continue until the data is pure. Therefore, 

although each tree has learned the training data well, there are still big differences 

between each tree. These trees were put together and averaged to eliminate these 

differences. Of course, if all the trees are the same, the random forest will not help 

much. In order to overcome this point, random forest makes each tree different 

by randomly selecting a subset of features during the establishment of the tree. 

For example, a target recognition tree can have many possible features: color, 

texture, slope, etc. Each node of the tree can randomly select a subset from these 

features to decide how to split the data better. Each subsequent node gets a new, 

randomly selected feature subset. 

Denoted by C = {𝐶1, 𝐶2, … , 𝐶𝑘} the set of classes and by ΔK the set 

𝛥𝐾 = {(𝑝1, … , 𝑝𝐾): ∑ 𝑝𝑘
𝐾
𝑘=1 = 1 and  𝑝𝑘 ≥ 0}. 

An element of  ΔK can be interpreted as a probability distribution over C. Let  

𝑒𝑘  be an element of ΔK  with 1 at position k—a probability distribution 

concentrated at class 𝐶𝑘. If a tree t predicts that an instance i belongs to a class 

 𝐶𝑘. then we write �̂�𝑖,𝑡 = 𝑒𝑘. This provides a mapping from predictions of a tree 

to the set ΔKof probability measures on C. Let �̂�𝑖 =
1

𝑇
∑ �̂�𝑖,𝑡

𝑇
𝑡=1 , where T is the 

overall number of trees in the forest. Then �̂�𝑖 ∈ ΔK  and the prediction of the 

random forest for the instance i  coincides with a class  𝐶𝑘   for which the k-th 

coordinate of �̂�𝑖 is maximal. 
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2.5.3 BP_Adaboost 

The research and application of AdaBoost algorithm mainly focus on 

classification problems. The AdaBoost algorithm can improve the classification 

accuracy of any given weak classifier. The classification of AdaBoost is divided 

into the following steps: 

(1) Selecting 𝑚 samples randomly from the given EEG sample data as training 

data. Then 𝑥𝑖 and 𝑦𝑖 was applied to denote the sample points of the original 

sample set 𝐷 and their class labels. And 𝑊𝑘(𝑖)  was applied to represent the 

weight distribution of all samples at the kth iteration.  

𝐷 = {𝑥1, 𝑦1, ⋯ , 𝑥𝑛, 𝑦𝑛}, 𝑘𝑚𝑎𝑥(Maximum number of cycles), 
𝑊𝑘(𝑖)=1

𝑛,𝑖=1,⋯,𝑛
 

 (2) Training the weak learner 𝐶𝑘using D sampled according to 𝑊𝑘(𝑖). 

 (3) Training error of 𝐶𝑘 was measured using D of 𝑊𝑘(𝑖): 

(4) According to the third step, the training samples are corrected in the next    

iteration： 

𝑤𝑘+1(𝑖) =
𝑤𝑘(𝑖)

𝑍𝑘
× {

𝑒−𝑎𝑘, ifℎ𝑘(𝑥𝑖) = 𝑦𝑖

𝑒𝑎𝑘   , ifℎ𝑘(𝑥𝑖) ≠ 𝑦𝑖

 

(5) After training, we can get the corresponding weak classification function. 

𝐻(𝑥) = sign(𝑔(𝑥)) 
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1.6  Conclusion 

In this chapter, we first introduce the basic information of EEG signals and 

experimental materials. Then we split the experiment into 3 steps: Data 

preprocessing, Features extraction and Classification. In Data preprocessing, we 

introduce the 5 steps. In Features extraction, we selected power spectrum 

characteristics, functional connection characteristics, nonlinear dynamic 

characteristics and their combination for extraction. In Classification, the 

classifiers we applied were support vector machines (SVM), random forest (RF) 

and BP_adaboost. 
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3 Feature Alteration in Different Emotion Types 

1.7 Data Preprocessing 

The preprocessing procedure is to eliminate the effect of artifact or other 

environment noise. As show in Fig. 3.1.1, the data quality of FP1 was improved 

with the data pross. The raw data of FP1 showed high complexity with various 

noise. First, we filtered the data to make the signal easier to process. After that, a 

relatively pure signal is obtained by detrending and removing high frequency. 

Finally, ICA is performed to delete the EOG components and reconstruct the EEG 

signal.。After a series of data processing procedures, the pure EEG data was 

extracted. Especially, from the visual inspection, after ICA the EOG component 

was significantly removed. These procedures revealed the data processing 

methods was feasible enough and the processed data were suitable for further 

analysis. 

 

Figure 3.1.1 The EEG data of Fp1 after different processing methods 
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1.8 PSD  

We extracted the corresponding power spectral densities on the four frequency 

bands theta, alpha, beta, and gamma, and obtained the average PSD of the three 

emotions. At the same time, because the high frequency band has a greater impact 

on the PSD classification results (Zheng Wei Long 2013). We choose to explain 

the relevant parameters using gamma band (Fig.3.2.1.a). 

 

Figure 3.2.1(a) Mean PSD across all subject. Error bar represents standard deviation. (b) 

F(2,69) = 28.23, p = 0.001 

It can be seen from the figure that the brain energy in the positive state is the 

highest, with a mean value of 0.52 and a standard deviation of 0.10, indicating 

that the brain is more active in the positive state. The Neutral state has the lowest 

brain energy, with a mean value of 0.30 and a standard deviation of 0.09, 

indicating that the brain is less active in the calm state. The brain energy in the 

negative state is slightly higher than that in the calm state, with a mean value of 

0.36 and a standard deviation of 0.11, indicating that the brain activity in the 

negative state is in a moderate state. From the above results, we can see that there 

are significant differences between the three emotions (Fig.3.2.1.b) 

 

 



 

24 

 

 

Figure 3.2.2 Topoplot of three emotion types which was randomly selected from two 

subjects. Positive: 1st colume, Neutral: 2 nd colume, Negative: 3 rd colume. 

Fig.3.2.2 shows that in the positive state, the energy of the frontal and central 

regions of the brain is very high, and the overall energy is also very high. Frontal 

and central regions are responsible for visual, cognitive and emotional functions 

in the brain, indicating that the visual and cognitive functions of the brain are 

more active when people watch videos and produce positive emotions. In a calm 

state, only the prefrontal area of the brain has high energy, and other areas have 

low energy. Prefrontal is mainly responsible for visual functions, indicating that 

the brain is watching the video without generating emotions. In a negative state, 

the energy in the left side of the brain (frontal and occipital lobes) is relatively 

higher. This part is to control human visual and cognitive functions, indicating 

that human emotions and cognition have changed. 
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1.9 Hjorth parameters 

3.3.1 Complexity 

We extracted the Complexity of each frequency band of Hjorth parameters and 

found that the three emotions in the beta frequency band have little difference. In 

the positive state, the mean value is 0.54, the calmness is 0.60, and the negative 

is 0.62. The standard deviation is 0.10. So we cannot find the difference between 

neutral and negative from P value and F(2,69) (Figure 3.1.1). And the high 

frequency band data is very important in the classification (Zheng, 2013), so 

complexity is not suitable as a reference for the next analysis. 

 

Figure 3.3.1 (a) Mean complexity of all subjects in beta. (b) F(1,69) = 0.26 p = 0.6157 

3.3.2 Mobility 

We extracted the Mobility of each frequency band of Hjorth parameters. The 

value of Mobility represents the average frequency of the frequency band and 

reflects the activity of the brain（Hjorth, Bo 1970）. 

Fig.3.3.2.1 shows that in the gamma band, the mean value in the positive state is 

0.59, and the standard deviation is 0.097. It shows that the Mobility of Hjorth 

parameters is higher in the active state. The mean value in the calm state is 0.31 

and the standard deviation is 0.085. It shows that the Mobility of Hjorth 
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parameters is low in the active state. In the negative state, the mean value is 0.46, 

and the standard deviation is 0.15. It shows that in the negative state, the Mobility 

of Hjorth parameters is relatively high in the calm state, but lower than in the 

positive state. And F(2,69) = 37.06, p < 0.001 so we can see that there are significant 

differences between the three emotions. 

 

Figure 3.3.2.1 (a)Mean Mobility of all subjects in gamma (b) F(2,69) = 37.06, p < 0.001 

Fig 3.3.2.2 shows that in the beta band, the mean value in the positive state is 0.57, 

and the standard deviation is 0.100. It shows that the Mobility of Hjorth 

parameters is higher in the active state. The mean value in the calm state is 0.27 

and the standard deviation is 0.080. It shows that the Mobility of Hjorth 

parameters is low in the active state. In the negative state, the mean value is 0.38, 

and the standard deviation is 0.110. It shows that in the negative state, the 

Mobility of Hjorth parameters is relatively high in the calm state, but lower than 

in the positive state. And F(2,69) = 58.21, p < 0.001 so we can see that there are 

significant differences between the three emotions.  
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Figure 3.3.2.2 (a)Mean Mobility of all subjects in beta (b) F(2,69) = 58.21, p < 0.001 

Fig 3.3.2.3 shows that in the alpha band, the mean value in the positive state is 

0.47, and the standard deviation is 0.073. It shows that the Mobility of Hjorth 

parameters is higher in the active state. The mean value in the calm state is 0.34 

and the standard deviation is 0.049. It shows that the Mobility of Hjorth 

parameters is low in the active state. In the negative state, the mean value is 0.40, 

and the standard deviation is 0.096. It shows that in the negative state, the 

Mobility of Hjorth parameters is relatively high in the calm state, but lower than 

in the positive state. And F(2,69) = 15.14, p < 0.001 so we can see that there are 

significant differences between the three emotions.  

 

 Figure 3.3.2.3 (a)Mean Mobility of all subjects in alpha (b) F(2,69) = 15.14, p < 0.001 
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Fig 3.3.2.4 shows that in the theta band, the mean value in the positive state is 

0.45, and the standard deviation is 0.120. The mean value in the calm state is 0.43 

and the standard deviation is 0.133. In the negative state, the mean value is 0.48, 

and the standard deviation is 0.131. And F(2,69) = 0.82, p = 0.4446>0.001 so we 

can’t see that there are significant differences between the three emotions. 

However, since the theta band is a low frequency band, it has little effect on the 

overall Feature Alteration. 

 

Figure 3.3.2.4 Mean Mobility of all subjects in theta(F(2,69) = 0.82, p = 0.4446>0.001 
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1.10 Functional Connectivity 

We extracted the functional connection of each frequency band under different 

emotions. The functional connection represents the active level of the current 

frequency band. (Li, Peiyang,2019).  

Table 3.4 Functional Connectivity in 4 frequency bands 

 

Table 3.4 shows that in the theta band, the mean value in the positive state is -

0.0922, and the standard deviation is 0.0917. It shows that the Functional 

Connectivity is low in the positive state. The mean value in the neutral state is 

0.0639 and the standard deviation is 0.0676. It shows that the Functional 

Connectivity is high in the active state. In the negative state, the mean value is 

0.0284, and the standard deviation is 0.0833. It shows that in the negative state, 

the Functional Connectivity is relatively high in the active state, but lower than in 

the neutral state. In the alpha band, the mean value in the positive state is -0.2226, 

and the standard deviation is 0.1439. It shows that the Functional Connectivity is 

low in the positive state. The mean value in the neutral state is 0.2047 and the 

standard deviation is 0.1248. It shows that the Functional Connectivity is high in 

the active state. In the negative state, the mean value is 0.0183, and the standard 

deviation is 0.1219. It shows that in the negative state, the Functional 

Connectivity is relatively high in the active state, but lower than in the neutral 

state. In the beta band, the mean value in the positive state is -0.3619, and the 

standard deviation is 0.2083. It shows that the Functional Connectivity is low in 

Bands 
 

theta 
 

alpha   

Emotions 
 

Positive Neutral Negative 
 

Positive Neutral Negative 
 

Mean 
 

-0.092 0.064 0.028 
 

-0.223 0.205 0.018 
 

Standard 
 

0.092 0.068 0.083 
 

0.144 0.125 0.122 
 

P-value 
 

p<0.001 
 

p<0.001 
 

F(2,69) 
 

23.62 
 

61.9   

Bands  beta  gamma  

Emotions  Positive Neutral Negative  Positive Neutral Negative  

Mean  -0.362 0.284 0.078  -0.258 0.214 0.045  

Standard  0.208 0.136 0.195  0.277 0.141 0.189  

P-value  p<0.001  p<0.001  

F(2,69)  73.85  29.73  
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the positive state. The mean value in the neutral state is 0.2844 and the standard 

deviation is 0.1361. It shows that the Functional Connectivity is high in the active 

state. In the negative state, the mean value is 0.0782, and the standard deviation 

is 0.1952. It shows that in the negative state, the Functional Connectivity is 

relatively high in the active state, but lower than in the neutral state. In the gamma 

band, the mean value in the positive state is -0.2575, and the standard deviation 

is 0.2769. It shows that the Functional Connectivity is low in the positive state. 

The mean value in the neutral state is 0.2135 and the standard deviation is 0.1407. 

It shows that the Functional Connectivity is high in the active state. In the negative 

state, the mean value is 0.0447, and the standard deviation is 0.1889. It shows that 

in the negative state, the Functional Connectivity is relatively high in the active 

state, but lower than in the neutral state. 

And we get P-value in 4 bands all less than 0.001, F(2,69) in 4 bands are 23.62, 

61.9,73.85 and 29.73.From the above results, we can see that there are significant 

differences between the three emotions. 

 

1.11 Conclusion 

In this chapter, we first process the experimental data step by step, and then extract 

the signal features according to PSD, Hjorth parameters and functional 

connectivity. And by calculating the data characteristics of each dimension to 

judge whether there is obvious discrimination effect. 
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4 Emotion Recognition 

1.12 Channel Selection 

Among all the channels, we performed the classification across 62 channels to 

select which channels were more suitable for emotion recognition. As shown in 

the Fig. 4.1.1, we sorted the classification accuracy of all channels. The upper 

right corner of the Fig. 4.1.1 shows the zoomed accuracy of top 10 channels. The 

data driven results (Fig. 4.1.1) suggested the top 10 channels: C4, FC6, FT8, F8, 

FC4, C2, FC2, AF4, C6 are most effective. Especially, the EEG channel C6 was 

most sensitive to emotion alteration with the best classification accuracy of 

55.34%. Therefore, these selected channels were suitable to be utilized for further 

emotion recognition. 

 

 

Figure 4.1.1 Classification Accuracy of each Channels 
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1.13  Emotion Specific Brain Network 

The extracted features of each channel were mixed. Because the FC requires two 

channels to compute their correlation, the connection is considered the feature in 

both channels. Then, we performed classification by SVM on these features to 

recognize three emotion types (positive, neutral, and negative). The classification 

performances of each channel were computed to measure the most sensitive 

channels for emotion alteration. The top 10 channels were selected to establish 

the emotion specific network. Then, we mixed features of all the selected channels 

and assessed the feasibility of constructed network by the classification accuracy.  

In Fig.4.1.1, we showed the classification accuracy of each channel with a 

descending trend. In the upper right corner of Fig. 4.1.1, the top 10 channels were 

displayed, which were selected for the construction of emotion specific network. 

Fig. 4.2.1 showed the distribution of the selected channels and corresponding 

emotion specific network. The data-driven critical channels indicated significant 

hemispherical asymmetry of emotion alteration. The right hemisphere is more 

sensitive to emotion state 

 

Figure 4.2.1 The emotion specific network in the 62 channel 10-20 system. The critical 

channels mostly concentrated on the right hemisphere. The colorbar represents the 

connection strength. 
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1.14 Emotion Recognition between three emotion types 

Table 4.3 The Classification Accuracies of Emotion Recognition Across 12 Subjects 

Subject 
SVM   RF   Ada_Boost 

Session1 Session2   Session1 Session2   Session1 Session2 

1 69.77±2.54 69.35±2.44  62.67±1.96 62.99±2.65  51.60±2.34  53.46±2.00  

2 63.22±2.30 63.82±4.13  59.24±3.43 59.42±1.66  49.96±2.66  20.80±2.71 

3 68.84±2.18 73.05±2.19  64.63±2.67 66.95±2.72  52.98±2.96 54.34±2.19 

4 69.85±1.91 74.37±2.27  63.25±2.51 69.06±2.23  55.07±2.61  55.75±1.61  

5 70.35±1.37 73.80±2.76  66.04±2.63 65.81±1.85  57.96±2.33  60.35±1.85 

6 75.57±2.13 71.54±2.75  69.89±2.26 66.14±2.12  58.87±1.91 55.12±2.02  

7 71.20±2.35 68.27±2.98  63.92±1.97 63.04±2.19  58.29±2.27 54.85±2.33  

8 72.80±2.82 65.83±2.30  66.59±1.49 60.28±1.94  57.99±3.31 54.99±2.14 

9 67.09±2.02 65.24±3.03  64.76±1.96 61.64±2.50  51.14±1.90 50.59±2.82 

10 73.62±2.24 73.30±2.32  64.60±2.73 67.07±2.07  57.74±3.20 58.97±2.61 

11 76.13±2.41 68.59±1.25  71.50±1.46 63.92±1.35  57.53±1.48  55.65±1.72 

12 63.98±2.14 83.17±2.55  54.89±2.14 75.50±2.52  53.28±2.76  61.03±3.08  

mean 70.53±4.61   64.74±4.29   54.10±7.72 

1.The best classification accuracy is highlighted by bold. The data represents mean±std. 

According to the data-driven channel selection strategy, we computed the emotion 

specific network. The emotion recognition was completed based on the mixed 

features from such network. Table I showed the classification results of three 

emotion types (positive, neutral, and negative) across 24 sessions. The averaged 

accuracy across 24 sessions is 70.53% ± 4.61% (mean ± std) from SVM classifier. 

Therefore, the selected channels are important for emotion alteration. The 

effectiveness of the classification effectiveness of the classification result 

suggested the emotion specific network is reliable enough for emotion 

recognition. 

1.15 Conclusion 

In this chapter, we first select 10 specific channels which are suitable for emotion 

recognition, then establish the emotion network between channels, and verify its 

feasibility and classification accuracy. Finally, the results of emotion recognition 

are presented. 
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5 Discussion 

Emotion is a state in which the thoughts, ideas and actions of people are combined. 

In various filed, emotion recognition is essential part. In terms of medical 

treatment, doctors can use emotion recognition to manage and control emotions 

and grasp the patient's state during treatment. In the product development process, 

the product manager can understand the user's experience while the user is using 

the product, and then can improve the function of the product and design a product 

more suitable for the user's needs. Therefore, emotion recognition has broad 

prospects and significance in practical applications. However, the neural 

mechanism of the emotion alteration still lacks reveal and the effectiveness of the 

classification method cannot meet the requirement of real application. In this 

paper, we applied various feature extraction strategies and classification method 

to achieve the optimal emotion recognition. Furthermore, through a channels 

selection method the computation complexity will be decreased.  

We established the experimental goal of improving the classification accuracy of 

emotion recognition and designed the experimental plan accordingly. At present, 

the preprocessing of experimental data and the screening of classification 

channels have been completed according to the plan.  

This paper applied the data-driven channel selection method to construct the 

emotion specific network. The critical EEG features from the different 

dimensions were utilized in SVM classifier. The significant finds are as follows: 

primarily, the selected channels for the emotion specific network suggested the 

hemispherical asymmetry in terms of emotion activity. Then, the classification 

results of emotion recognition revealed the reliability of the emotion specific 

network. 

Various literatures have shown the functional connectivity is suitable for emotion 
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recognition. However, most of them based on the whole brain network. The 

human brain is a complex network with different tissues and organs, which show 

various functions. The global view of brain network may be confused by too much 

useless information. An emotion specific network is necessary to investigate the 

mechanism of the emotion activity. The data-driven channel selection result 

suggested the human brain showed significant hemispherical asymmetry. 

Especially, the channels in the right hemisphere are more sensitive to emotion 

alteration. The right hemisphere is considered the general dominance of the right 

hemisphere for all kinds of emotions. Patel et al.(Patel, 2018) investigated the 

emotion interaction of stroke patients by MRI and suggested the essential role of 

the right hemisphere in emotion disable. Ventura et al. (Ventura, 2012) also 

revealed the influence of the right hemisphere for the prosodic emotion 

recognition deficits in Parkinson’s disease. These finds are based on the patients. 

Our finding moves a step forward to the EEG view supporting the importance of 

the right hemisphere in normal emotion recognition. Also, such a result suggested 

the feasibility of data-driven channel selection strategy. In this paper, we extracted 

the EEG feature from three critical domains: temporal-spatial-frequency. The 

mixed feature in the emotion specific network achieved high classification 

accuracy of 70.53% ± 4.61% (mean ±std), which suggested these features are 

applicable for emotion recognition. The emotion specific network is reliable 

enough and provides a new method for the investigation of emotion-related brain 

activities.  
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