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Abstract -- Analysis on the human bodies have never diminished 

and explorations on it has never came to an end. An analysis of 

EEG for study of cognitive process for bio-medical appliances is a 

current research area. The EEG aids to understand the brain and 

its activities by offering thorough information of the present status 

of the brain. This is a necessary data since it could aid in 

identifying or preventing varied abnormalities or diseases or 

damages in brain. For that, the precise study of EEG signals is 

important. This survey begins with the assessment of 25 papers on 

Brain Activity Recognition (BAR). The diverse employed schemes 

in reviewed articles are analyzed that include classification and 

optimization techniques like Support Vector Machine (SVM) and 

so on. In addition, the performance of the reviewed articles is 

examined and the better performances are analyzed. At last, 

chronological review is done and the challenges on BAR is 

described. 

Keywords— Brain Activity Recognition; EEG; Support Vector 

Machine; Accuracy; Error.  

Nomenclature 

Abbreviation Description 

BAR Brain Activity Recognition 

BCI Brain-Computer Interface 

BCR Brain-Controlled Robots  

CSP Common Spatial Pattern  

CNN Convolutional Neural Network 

DTF Direct Transfer Function  

DCT Discrete Cosine Transform  

DL Deep Learning  

ERD/S Event-Related Desynchronization And Synchronisation 

ERP Event-Related Potential 

EEG Electroencephalogram  

ERSP Event-Related Spectral Perturbations  

EMD Empirical Mode Decomposition 

FT Fourier Transform  

4D-aNN Four-Dimensional Attention-Based Neural Network 

FDR False Discovery Rate 

FCM Functional Connectivity Matrix 

GSO Grid Search Optimization  

GNN Graph Neural Network  

HCNN Hierarchical Convolutional Neural Network 

LSE Least Square Evaluation 

MVPA Multivariate Pattern Analysis 

MST Minimal Spanning Tree 

NN Neural Network 

OXTR Oxytocin Receptor  

PD Parkinson's Disease 

I. INTRODUCTION

BAR is one of the major areas of study in the area of brain 

science in current years. It has the ability to significantly alter 

traditional applications of brain research, including the 

diagnosis of nervous system illnesses, auxiliary services for the 

old and disabled, device control, disease monitoring, etc. BAR 

can increase independence and assist persons with limited 

behavioural abilities and execute routine daily tasks [2] [3]. In 

addition, as DL technology continues to advance and mature, 

EEG based BAR is becoming increasingly accurate, which 

significantly raises the utility of this technology in the context 

of real-world diagnosis, treatment, and supported living [7] [8]. 

EEG readings primarily indicate brain activity. Electrodes are 

applied to the scalp in order to non-invasively record the 

voltage changes of brain neurons. The scalp surface or cortex is 

the reflection of electro-physiological actions of brain nerve 

cells, and the EEG measures changes in radio waves that occur 

during brain activity. EEG can detect the present level of brain 

activity since it is dispersed in several frequency bands in 

accordance with various brain activities [11] [12]. Although 

extensive research on BAR has been done recently, it still 

confronts several difficulties, like multi-person and multitask 

categorization. A number of EEG feature identification 

techniques are first suggested, with an emphasis on EEG feature 

representation. 

The evaluation of these studies reveals that the recognition and 

classification algorithm's accuracy is insufficient to satisfy the 

EEG application standard under current demand. This is mostly 

due to the complexities and high dimension of the EEG signal, 

which have a significant impact on the classification accuracy 

rate of the feature space of the actual EEG data [5] [6]. 

Additionally, the literature study mostly focuses on the 

identification of single-person binary activity in the brain, 

which is confined in the larger and more complicated scenarios. 
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RF Random Forest 

SNN Spiking Neural Network 

sLORETA Standardised Low-Resolution Electromagnetic 

Tomography 

SNPs Single Nucleotide Polymorphisms  

SVM  Support Vector Machine 

2D Two-Dimensional  
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Therefore, the detection of brain activity in situations involving 

several people and objects has drawn more and more interest. 

Another drawback is the decline in identification accuracy 

brought on by the interaction of outside noise and EEG's poor 

signal-to-noise ratio (SNR). Conventional EEG feature analysis 

takes a lot of time and requires a lot of attention [8] [9].   

The contributions are as follows. 

1. Reviews existing works on BAR and offers description on
the similar topic.

2. Analyses the performances in adopted articles and examines
their better performances.

3. Performs chronological review that shows the year of
publication of adopted articles.

Here, section II briefs extant works on BAR. The review on 
employed schemes and analysis on performance are given in 
section III. The research gaps are in Section IV and conclusion 
is given in section V.  

II. LITERATURE REVIEW

A. NN based works

In 2022, Asadzadeh et al. [3] identified the pattern of each 

emotion by employing the sLORETA technique to map from 

scalp sensors to brain sources. Then, sLORETA sources are 

employed as the nodes of basic graph in a GNN for EEG based 

emotion identification. Finally, a GNN classifier is used to 

identify the label of hidden emotions. 

In 2021, Mehmet et al. [7] discussed the topic of accurate 

emotion identification when listening to music. In response to 

this issue, an EEG-based emotion detection model is created, 

and a new DL based emotion recognition approach is 

suggested. EEG signals are generally collected from various 

channels and converted to spectrograms for the purpose of 

classifying emotions. 

Gholami et al. [14] goal in 2018 was to model and visualise the 

brainwave activity patterns caused by marketing aspects of 

products based upon the spatio-temporal interactions among the 

continuous EEG data streams. In this study, attention bias-

induced spatiotemporal brain patterns were analysed using 

brain like SNN models. 

Shepelev et al. in 2018 [19] developed a unique NN method for 

the real-time identification and categorization of temporospatial 

EEG signals. Experiments showed that user learning increased 

control speed, classification accuracy for EEG patterns, and 

recognition accuracy. 

In 2021, Liu et al. [23] used EEG signals with DL in order to 

categorise criminal emotions. The study also developed a 

system for identifying EEG data based on NN model. The 

outcomes demonstrate that the approach suggested in this 

research has some real-world applications. 

Li et al. [24] in 2018 employed HCNN to categorise the 

positive, neutral, and negative emotion states. To train the  

HCNNs, the differential entropy features were taken from 

various channels as 2D maps. HCNN were effective in 

recognising emotions, particularly on beta and gamma waves. 

B. SVM  based works

In 2021, Chitti et al. [4] created a technique that may 

automatically ascertain a person's level of attentiveness, or 

mental condition of vigilance. This technique was applicable to 

many different fields. Here, SVM was deployed as the fatigue 

driving identification system. 

The categorization of EEG signals generated by the piano's first 

octave musical notes as stimuli was first published by 

Konstantina et al. [18] in 2020. A SVM classifier was provided 

with the extracted ERSP. Finally, a better accuracy of 70% was 

obtained using SVM. 

A voting method based on ensemble SVM was suggested by 

Taheri et al. [25] in 2020. The EEG wave was transformed to 

varied representation using the DCT, FT, CSP, and EMD. In 

addition, SVM was deployed in this work to categorise the 

generated feature vectors. 

C. Correlation based works

Chen et al. [11] in 2015 used a methodical 3 level validation

methodology to determine if fNIRS could accurately capture

the core components of bottom-up acoustic processing. The

association among changes in cerebral activity and

haemoglobin concentrations were investigated using fNIRS-

EEG study with auditory and visual stimulation in 24 subjects.

Yuvaraj et al. in 2015 [15] examined the impact of emotion

regulation on inter-hemispheric EEG coherence in PD. The use

of EEG emotion in medical practice to identify possible

neurophysiologic anomalies may become more widespread as

a result of this study.

D. Optimization based works

Pane et al. in 2019 [22] acquired EEG signals from an EEG 
public dataset with 4 categories. A hybrid feature extraction 
scheme was deployed to derive EEG features from 3 domains 
of time, frequency, and wavelet. Further, RF was employed for 
categorization of emotions. The parameters of RF model were 
tuned using GSO. 

E. Other works

Uzefovsky et al. in 2019 [1] merged genetic as well as brain 

image data for examining the impact of genotype in respond to 

cognitive empathy. 2 among 5 OXTR SNPs analysed were 

related with brain actions and 3 of SNPs correlated with 

diagnose status for predicting brain actions. It was the first 

study to examine OXTR and brain activities in autism. 

Yu et al. [2] in 2021 identified general pattern of rearrangement 

of NN in entire human brain on attaining the threshold of 

recognition of imageries at uncertain conditions. The data were 

analysed in the context of multilevel and multichannel systems 

for making decisions on visual signal. 
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In 2019, Juneja et al. [5] evaluated numerous aspects (time 

domain, frequency domain, and LSE features) under an ELM 

classifier in order to detect human activities. The findings of 

several tests have verified that the suggested scheme has 

increased accuracy in comparison to other classification 

approaches. 

In 2020, Farashi et al. [6] exploited the alterations in the brain 

functions using MST structure for emotion categorization based 

on EEG data. The data were used to assess the frequency 

components of emotional states that were most instructive. The 

MST graph was subsequently taken out of the FCM, and its 

properties were applied to the identification of emotions. 

Ganin et al. [8] in 2018 explored the BCI-potential P300's to 

identify hazy attention foci. Presumably, this technique may be 

used to gauge a subject's sensitivity to emotigenic stimuli that 

could be helpful for the instrumented assessment of heightened 

moods or emotional perception deficiencies. 

Pushkin et al. [9] in 2017 created the control signals for the 

display of sensory inputs at certain stages of the main 

biorhythm. This was accomplished by implementing real time 

digital EEG filters in certain leads and evaluating the 

background rhythm's immediate amplitude and phase. 

Hiyoshi et al. in 2015 [10] correlated the human emotion 

judgement of brain. This study used multimodal stimuli to 

intentionally disturb the emotion system of the brain to 

determine if such emotional stimuli may cause repeatable and 

reliable alterations in EEG data.  

In 2020, McAssey et al. [12] analysed whether healthy left and 

right handed people differ in terms of their behavioural traits 

and neurological correlates of vection. Also behavioural traits 

such vection perceived strength, onset delay, presence, and 

duration were noticed. 

In 2016, Nowicka et al. [13] recorded the EEG of 15 younger 

men with ASD and 15 one to one control persons. The ERP, 

coherence, ERD/S and DTF approaches were used to evaluate 

the EEG data. The names were graphically categorised into four 

categories: own, close friends, famous, and unknown. 

In 2015, Han et al. [16] examined the brain waves using image 

stimuli that elicited N1 reactions. Analysis was done on the 

relationship between the transient stages of pre-stimulus EEG 

waves and N1 amplitudes. 

In 2018, Zafar et al. [17] investigated whether EEG might be 

used to decipher fMRI-like patterns of brain activity. Due to the 

high quality of the data, fMRI only needs data from a small 

portion of the brain to decipher the patterns of brain activity. In 

this work, information is derived from dispersed activation 

patterns of the brain using MVPA, which was utilised for both 

the analysis of EEG and fMRI data. 

Patel et al. [20] in 2021 provided insights on EEG-based 

emotion recognition, sought to provide a concise synopsis of 

the different entropy based approaches employed for emotion  

classification. This paper also explored present and future 

trends and analysed on emotion identification by utilising 

entropy to extract features that achieved increased recognition 

rates. 

In 2022, Xiao et al. [21] introduced a brand-new technique for 

EEG emotion identification. It is known as the 4D-aNN. First, 

4D representations of raw EEG data were created. A CNN was 

then used to handle with the spectrum and spatial data of 4D 

representation, and the suggested 4D-aNN employed spectral 

and spatial attention methods. 

III. REVIEW ON EMPLOYED SCHEMES AND ANALYSIS

ON PERFORMANCE 

A. Deployed Schemes

The deployed approaches in the considered articles are exposed 
in Fig. 1. The analysis is done under, (a) SVM schemes; (b) 
Correlation based schemes (c) NN based schemes (d) 
optimization schemes and (e) other schemes. Among 
optimization schemes, GSO is adopted in [22], CNN + LSTM 
is adopted in [21], SVM is adopted in [4] [18] [25]. SVM is 
deployed as classifier in maximum of the works as it is effectual 
in scenarios, where the sizes are higher than the sample count. 
SVM is much effectual in high dimension space and poses 
efficient memory. In addition, Pearson correlation based 
schemes is adopted in [11] [15]. Gollin method is used in [2] 
and wavelet analysis is adopted in [16]. NN based methods like 
DGCNN is adopted in [3], DNN is adopted in [7], SNN is 
adopted in [14], NN is adopted in [19] [23] and HCNN is 
adopted in [24]. Transform based scheme is adopted in [9] [12]. 
The other models include MarsBaR [1] ELM classifier [5] 
Graph theory [6] Fisher linear discrimination [8] Welch 
periodogram method [10] DFT [13] MVPA [17] Fuzzy entropy 
[20] RF [22].

CNN + LSTM 

[21] 

SVM  

[4] [18] [25]

Correlation based 

schemes 

[16] 

Wavelet 

analysis 

[11] [15]

Others 

Marsbar [1] Gollin [2] ELM classifier [5] Graph theory [6] 

Fisher linear discrimination [8] Welch periodogram method 

[10] DFT [13] MVPA [17] Fuzzy entropy [20] RF [22]

Varied schemes on brain activity 

recognition systems 

GSO  

[22] 

NN based schemes Transform based scheme  

DGCNN [3] DNN [7] SNN 

[14] NN [19] [23] HCNN 

[24] 

[9] [12] 
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B. Performance Analysis

Table I reveals the wide-ranging performances examined in the 
reviewed works on BAR in EEG signals. In Table I, it is 
observed that 18 works have examined accuracy, which is the 
most examined measure in almost all works. The accuracy 
measure is adopted in majority of the works and has offered 
72% of the total contribution. The mean metric has contributed 
about 32% and SD was examined in 7 papers that contribute 
about 28% of the entire works. The error metric was examined 
in 5 of the reviewed works and it offers about 20% of the 
contribution. Time cost, Jittered period, Median, Correlation, 
False negative and Fatigue error rate are examined in each 
works, i.e. [24] [12] [12] [6] [5] and [4], which has contributed 
around 4%. Sampling rate was examined in [10] and [13].  FDR 
as well as activation level are examined in [16] and [14] that 
provided about 4% of the whole contribution.  

TABLE I.  VARIED PERFORMANCES IN EXISTING BAR TECHNIQUES 

TABLE II.  HIGHEST PERFORMANCES GAINED IN REVIEWED WORKS 

Sl. no  Citation Metric Higher performance 

1 [25] Accuracy 99.7% 

2 [25] Mean 96.34 

3 [25] Standard deviation 1.87 

4 [22] Error 0.059 

5 [16] FDR 1% 

6 [5] False negative 41.18% 

Measures Citations 

Accuracy [3] [5] [6] [7] [8] [13] [14] [15] [16] [17] [18] [19] [20] 
[21] [22] [23] [24] [25]

Mean [1] [9] [11] [15] [18] [19] [23] [25]

Standard 
deviation 

[1] [11] [18] [19] [21] [23] [25]

Error [9] [10] [15] [19] [22] 

Time cost [24] 

Jittered period [12] 

Median [12] 

Sampling rate [10] [13] 

Correlation [6] 

False negative [5] 

Fatigue error rate [4] 

FDR [16] 

Activation level [14] 

C. Analysis on  Maximum Performance

The highest performances in each reviewed paper for BAR is 

shown in Table II. Fig. 2 demonstrates how well each extant 

works exhibits its betterment on accuracy, error and standard 

deviation. In the reviewed works, accuracy computed in [25] 

has achieved a high value of 99.7% and mean used in [25] has 

obtained a better value of 96.34. The accuracy using SVM has 

accomplished high value due to its advantages in high 

dimensional space and high recognition rates. Standard 

deviation deployed in [25] has gained less deviated value of 

1.87. Likewise, a minimal error of 0.059 is accomplished in 

[22]. A less FDR of 1% is obtained in [16] and a less false 

negative value of 41.18% is accomplished in [5].  
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(a) (b) 

(c) 

Fig. 1. Analysis on (a) Accuracy (b) Error and (c) Standard deviation 

D. Chronological Analysis

The chronological study of extant reviewed works is exposed 
in Fig. 3. In this survey, 7 works are made available between 
2022 and 2021. 7 works are published between 2020-2019. 7 
works were published among 2018-2016. A minimal of 4 works 
was published between 2015 and 2014. Thus, maximum articles 
are adopted between the year 2022 and 2016. 

Fig. 2. Chronological Analysis 
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IV. RESEARCH GAPS

BAR is a most hopeful research area for past few years [26]. 

Activities of brain are generally characterized by EEG signals 

that record the voltaic fluctuation of brain neuron with the 

electrodes located on scalp in a non-invasive manner. Even 

though BAR is broadly examined over the previous decade, it 

yet meets with numerous challenges like multi-class and multi-

person classification. Regardless of numerous analyses on 

multi-person EEG classification, there needs enhancement on 

conventional techniques regarding classification accuracy. 

Subsequently, the majority of extant appliances that deploy 

EEG classification for diagnosing diseases require only binary 

classification (abnormal or normal). The brain controlled robot 

is a novel technique depending upon robot control and BCI 

mechanisms. This mechanism permits the brain to regulate a 

robot to carry out a sequence of actions. The EEG signal holds 

an imperative role in the BCI technology. Even though BCR 

have broad study prospects, there exist numerous difficulties 

and challenges that require being solved [27].  

➢ EEG wave has activeness, non-linearity, and time varying
causalities. It is a nonlinear, dynamic time-varying, very
compound system [26].

➢ Numerous EEG patterns still include issues like fatigue and
discomfort, and lower data transfer rate. Thereby, better
distinctive EEG signals must be chosen via testing [27].

➢ If online signal processing could not be processed in actual
time, the robot could not ensure its real time controlling
accuracy.

➢ The BCI system would include diverse working effects
owing to individual variations. It is moreover very
demanding to learn how to adjust the constraints so that
individual variations would not have an effect on the system
[27].

V. CONCLUSION

This research made the review on extant BAR approaches. 

➢ This survey begins with the assessment of 25 papers on
BAR.

➢ The diverse employed schemes in reviewed articles were
analysed that include classification and optimization
techniques like SVM and so on.

➢ In addition, the performance of the reviewed articles was
examined and the better performances were analyzed.

➢ At last, chronological review was done and the challenges on
BAR was described.
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