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Abstract: The EEG-based content generation model holds great promise in areas such as emotion
recognition, thought decoding, and multimodal interaction. EEG signals can monitor the state of
brain activity in real time, thereby enabling the decoding of information related to brain activity,
such as emotional states or thought patterns. However, there exist problems such as noise interfer-
ence, low recognition accuracy, difficulty in signal synchronization, and time delay with action sig-
nals. To address these issues, this paper proposes using Independent Component Analysis (ICA)
for noise reduction, deep convolutional neural networks for spatial feature extraction, and Dynamic
Time Warping (DTW) and Long Short-Term Memory (LSTM) networks for signal alignment. These
methods aim to improve signal processing accuracy and alignment efficiency, thereby advancing
brain-computer interface technologies.
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1. Introduction

With the development of brain-computer interfaces, content models generated based
on EEG signals have broad application prospects in applications such as emotion compu-
ting, thinking decoding, and multimodal interaction. EEG signals can record brain activity
in real time and decode key information related to cognition and emotional states. How-
ever, due to limitations such as low signal-to-noise ratio, noise interference, individual
differences, and the difficulty in synchronizing EEG signals with data of other patterns,
its practical application is restricted. To improve the accuracy and real-time performance
of EEG signals in content generation, multiple schemes such as noise reduction based on
independent component analysis, feature extraction based on deep learning, and signal
synchronization using dynamic time warping or long short-term memory networks have
been proposed. These methods are likely to promote the more efficient application of EEG
signals in the fields of brain-computer interfaces and intelligent interaction.

2. Basic Characteristics of EEG Signals
2.1. Frequency Characteristics of EEG Signals

The spectral characteristics of EEG signals represent multiple frequency bands of
brain activity, and each frequency band represents different types of cognitive and phys-
iological states. EEG signals are routinely divided into several frequency bands, with spe-
cific typical values being 6 waves (0.5-4Hz), 0 waves (4-8Hz), o« waves (8-13Hz), § waves
(13-30Hz), and y waves (30-40Hz). 6 waves usually occur in a state of deep sleep or un-
consciousness, representing a lower frequency of brain activity. Theta waves are usually
accompanied by non-deep sleep, meditation, relaxation states, and often represent some
emotional or recall processes. Alpha waves typically occur in a waking and relaxed envi-
ronment, especially when the eyes are closed, and usually indicate that the brain is in a
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quiet and free state. Beta waves typically occur during the processes of concentration,
problem-solving, and advanced cognitive behaviors (thinking, language, and decision-
making), often accompanied by increased tension, excitement, and agitation. Gamma
waves are typically associated with high-level cognitive processes in the brain, especially
during complex sensory tasks or information integration. They are characterized by high
frequency and are considered indicative of intense mental activity. From the frequency-
domain analysis results of EEG signals, people's psychological and physiological states
can be known, which are applied in the fields of emotion analysis, cognitive analysis, and
human-computer interaction. (See Table 1).

Table 1. Frequency Characteristics of EEG Signals.

FrequenFrequenc Corresponding to the state of . .
.. Main functions/performance
cy band yrange electroencephalogram activity

The brainwave activity is the least,
mainly related to deep sleep and
restorative rest.

Relaxation and rest, meditation, It is related to memory processing,
0 wave 4-8Hz chatting idly, anxiety, meditation, emotion regulation and
innovative behavior. light sleep.

Deep sleep, coma, deep

owave 0.5-4 Hz i
relaxation

) ) . It is associated with relaxation,
Rest: Lie flat, rest in bed, and lie . . .
a wave 8-13 Hz still concentration and attention control in
' the resting state.
Attention, thinking, problem- It is related to cognitive behavior,
solving, tension. concentration and anxiety.
Attention dysfunction is related to

advanced cognitive activities and

B wave 13-30 Hz

Abstract logic, information
['wave 30-40 Hz 1108 ,
fusion and attention. .

perceptual processing.

The above table shows the main frequency domain range of the EEG signal and the
corresponding frequency range, as well as the state of the electroencephalogram. Each
frequency domain range is associated with specific psychological and physiological states,
as established by extensive empirical studies.

2.2. Spatial Characteristics of EEG signals

The spatial characteristics of EEG reflect neural activity across different brain regions,
providing information about specific anatomical locations based on the brain's regional
divisions. The commonly used international 10-20 electrode placement system helps re-
searchers observe changes in neural activity across different brain regions under various
conditions. For example, the frontal lobe is associated with emotion regulation, decision-
making, and planning. The parietal lobe is related to spatial processing, sensory input and
motor control. The occipital lobe is mainly responsible for visual processing. For the anal-
ysis of EEG spatial features, the main focus is on extracting the changes in the activities of
various parts of the brain, so as to facilitate the activity responses of each part of the brain
and the completion of corresponding cognitive activities. In the research of human-com-
puter interaction, in terms of spatial feature analysis, it is conducive to the localization
research of brain activity responses, that is, to study the relationship between brain activ-
ity responses and the thinking responses and content correspondence of brain activities
to specific tasks. Meanwhile, EEG signals primarily capture cortical surface activity, mak-
ing it difficult to observe neural processes occurring in deeper brain regions. This directly
affects the temporal and spatial analytical ability of electroencephalogram.
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3. Research Status of Content Generation Models Based on EEG Signals
3.1. Noise Interference and Signal Accuracy Decline in Affective Computing

Emotion computing based on EEG signals is confronted with noise interference
caused by various reasons, such as eye movement, motor electromyography signals and
surrounding noise, which leads to the distortion of EEG signals and affects their accuracy.
Among them, eye movement artifacts and electromyography signal artifacts have high
frequencies and are prone to aliasing with the frequencies of emotional signals, thereby
affecting emotional signals. These artifacts significantly impact the accuracy of emotion
computing models, particularly in quiet or low cognitive stress states where emotional
features in EEG signals are inherently weak, making them more susceptible to noise in-
terference. Furthermore, due to the different electroencephalogram (EEG) activities of
each individual, the EEG signals respond uniquely to the emotions of each individual,
making it difficult for the emotion calculation model to transfer among individuals and
affecting the accuracy of the model. To solve the above problems, various noise removal
strategies for suppressing false signals and improving the accuracy of emotion calculation
have been proposed. However, even so, noise signals still cause great computational pres-
sure for real-time data processing. Efficiently removing noise while preserving the integ-
rity of emotional information remains a major challenge in the field of affective computing
research.

3.2. The Signal Decoding Accuracy in the Decoding of Thinking Content Is Low

Although decoding thought content from EEG signals is feasible, the accuracy re-
mains very low. This is mainly due to the low signal-to-noise ratio and limited spatial
resolution of EEG signals, making it difficult to understand the activities of brain regions.
This is not conducive to understanding complex cognitive processes. Moreover, physio-
logical noises such as muscle movement and eye movement can also cause thought signals
and reduce the accurate decoding of thought signals. Especially in the performance of
complex cognitive tasks, the fluctuations of electroencephalogram (EEG) are tiny and un-
predictable, and how to effectively distinguish the relevant characteristics is the core dif-
ficulty of the research. In recent years, deep learning methods such as convolutional neu-
ral networks and Long Short-Term Memory (LSTM) networks have achieved break-
throughs in automated feature extraction and accurate decoding. However, there are still
certain deficiencies in multi-task decoding and generalization decoding. The key chal-
lenge lies in enhancing the spatial and temporal resolution of EEG signals within their
inherent physical limitations to improve decoding accuracy.

3.3. Inconsistency of Time and Space in Multimodal Signal Fusion

Temporal and spatial inconsistencies between EEG signals and other modalities
(such as vision, hearing, and language) often pose challenges for multimodal signal fusion.
EEG signals have high temporal resolution, whereas other modalities such as video and
auditory signals generally have lower temporal resolution for real-time processing. There-
fore, when conducting real-time processing, it is difficult to synchronize the data of each
modality, which also results in low quality of signal aggregation and content generation.
Furthermore, the spatial resolvability of EEG signals is relatively weak. It is also difficult
to pair EEG with visual information with strong spatial resolvability (such as facial ex-
pressions or gestures, etc.), which will also make data fusion more complex. To solve these
problems, the time synchronization problem is addressed by Dynamic time warping
(DTW), and the spatial domain requirements are solved by cross-modal learning. Alt-
hough the above-mentioned methods have brought about some improvements, there is
still a lot of room for enhancing efficiency in practical applications.
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3.4. Time Delay in the Synchronization of Electroencephalogram (EEG) Signals and Behavioral
Data

In terms of BCI and game interaction design, how to handle the synchronization be-
tween EEG signals and behavioral data is a key issue. Limited by the high temporal reso-
lution of EEG signals, on the other hand, behaviors are collected by external sensors, pre-
senting characteristics of lower temporal resolution and response time. This may cause
certain delays, and in the interactive scenarios of virtual reality or augmented reality, the
impact of delays is very obvious. Therefore, to handle this problem, Dynamic Time Warp-
ing (DTW), Long Short-Term Memory Networks (LSTM), and other methods are used to
coordinate the synchronization between EEG signals and behavioral data by analyzing
temporal relationships. Although the above-mentioned methods can effectively eliminate
delays and ensure the coordination among data, they also face high computational costs
and the problem of real-time efficiency in scenarios with multi-channel data or high sam-
pling rate data.

4. Research Strategies for Content Generation Models Based on EEG Signals
4.1. Use Independent Component Analysis for Denoising

Due to artifacts caused by eye movements, muscle activity, and electrode grounding,
EEG signals are usually contaminated by noise, and the purity of EEG signals has a nega-
tive impact on their application in emotional computing, cognitive understanding, and
multi-information processing, etc. Independent Component Analysis (ICA) is widely
used for noise suppression in EEG signals. The general steps of ICA for noise suppression
in EEG signals are as follows: First, the EEG signal needs to be preprocessed, such as using
a bandpass filter to remove low-frequency and high-frequency noise. Then, the ICA is
used to decompose the complex signal into multiple independent components, which can
distinguish the components of neuronal signals and other noises in the EEG signal. During
this process, by examining the nature of each component, the components related to arti-
facts can be separated, such as the illusions produced by eye movement and muscle move-
ment, and then the noise components can be removed, retaining only the signal compo-
nents related to the brain. The EEG signals decomposed by ICA into independent compo-
nents are relatively clear. The EEG signals denoised by ICA can better reflect functions
such as emotions and cognition, and improve the task accuracy and reliability of functions
such as emotion computing and thinking decoding. (See Table 2).

Table 2. Denoising Steps of Independent Component Analysis (ICA).

Steps = Method description Function/Purpose Application example

Filter out the low-
Perform preliminary frequency interference and

, preprocessing on the high-frequency noise , ,
Signal EEG signal (remove irrelevant to the EEG Slngal prepljoc'essglg
preproce . ) applied to eliminating
. noise and standardize, signal (such as . .
ssing false signals and baselines.
such as bandpass electromyography
filtering). interference, eye

movement artifacts, etc.).
The independent Separate the compound ICA can extract

Signal component analysis of signal into independent independent components
decomp EEG signals was carried signals and separate the  related to brain activity
osition out using the ICA noise source and effective and remove interfering

algorithm. information. signals

Identific The noise sources are Identify and label isolated Identify eye movement
ation of discriminated based on  components related to and electromyographic

noise the inherent false signals, such as eye pseudo-signals, and mask
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compon characteristics of the movement false signals them during the process of
ents signal components (such and electromyographic calculating emotions.
as frequency, time components.
waveform, etc.).
Remove the noise related Eliminate the components

Retain the components
related to memory,
sensation, etc. in the EEG
signal, and remove the
confounding components.

to the occurrence of some
Noise of the obtained signals,
removal and what remains is the
electroencephalogram
(EEG) signal.

related to eye movement
and electromyographic
artifacts to improve the
recognition effect of
emotional signals.
Therefore, after the signal = The reconstructed EEG
Reconstr Reshape the EEG using is reconstructed through  signals are applied in
uct the independent components denoising, a clear EEG ~ processing tasks such as
signal for noise reduction. signal can be emotion computing and
reconstructed. decoding thinking.

Therefore, the denoising function of ICA is crucial and can improve the quality of
EEG signals, providing high-quality signal support for subsequent data generation and
brain-computer interface implementations.

4.2. Use Deep Convolutional Neural Networks to Extract Spatial Features

Deep Convolutional Neural Networks (CNNs) are powerful feature learning tools
widely applied in computer vision and speech processing. They are also effective for ex-
tracting spatial features from EEG signals. When extracting spatial features from EEG sig-
nals, convolution operations in deep CNNs automatically capture features at multiple
spatial scales. The core formula of the convolution operation is as follows:

y(®) = (e xw)(®) = Ly x(t — D w(D) @

x(t) represents the input EEG signal (time-domain signal), w(i) represents the con-
volution kernel or filter, which automatically extracts features from the data through
learning, * represent the convolution operation, y(t) represents the output after
convolution, that is, the extracted spatial features. The advantage of convolution operation
lies in its ability to automatically learn the most representative spatial features from the
data without the need for manual feature design. Based on the adaptability of CNN, the
analysis of EEG signals is better and it has important applications in aspects such as
emotion computing and brain-computer interfaces. In the study of EEG signals, generally
speaking, spatial attributes refer to the distribution of electrical activity in various regions
of the brain, which can reflect the activation carried by the brain when performing a
certain operation or expressing a certain emotion. EEG signals are usually data
information obtained through a set of electrodes, and this set of electrodes can record the
electrical activity of the cerebral cortex. The data obtained through these electrodes have
relatively high spatial attribute information. CNN can obtain the spatial attributes and
features of EEG signals based on convolutional layers and aggregation layers. Especially
for the analysis of complex problems, the relevant feature patterns of the activity
connections of each brain region can be extracted from EEG signals. The trained deep
convolutional neural network can obtain the spatial attributes of EEG signals and apply
them in the subsequent content generation.

4.3. Dynamic Time Warping Synchronization Signals Are Adopted

Signal synchronization using Dynamic Time Warping (DTW) involves addressing
timing signal synchronization and multimodal signal fusion, while also considering com-
putational complexity and optimization methods. Regarding the synchronization of tem-
poral signals, DTW solves the delay problem between EEG signals and other data types
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by finding an optimal alignment that minimizes the cumulative distance between se-
quences, allowing flexible temporal matching, ensuring the accurate positioning and reg-
istration of the signals. For the fusion of multiple modalities, DTW helps coordinate the
timing sequences in each mode, thereby increasing the learning efficiency across modali-
ties. Furthermore, it solves the synchronization problem between EEG signals and other
signals, ultimately enabling the creation of high-quality interactive products. Due to the
high computational complexity of DTW, especially in real-time applications, optimization
techniques such as windowing constraints (e.g., Sakoe-Chiba band) and parallel pro-
cessing are employed to improve efficiency to improve the computational complexity in
order to meet the requirements of real-time synchronization. Through this method, DTW
can provide reliable signal synchronization services in the production of real-time brain-
computer interfaces and multimodal (Figure 1).

Overview of Dynamic Time Warping
~—— Signal time synchronization { Time delay compensation
Synchronization strategies in real-time applications

Time series alignment technology
The dynamic time warping synchronization signal is adopted ——+—— Multimodal signal fusion ~E Cross-modal learning method

The challenges of signal fusion

The computational complexity of the DTW algorithm
\—— Computational complexity and optimization { Algorithm optimization method

__ Real-time synchronization optimization strategy

Figure 1. Adopts the Dynamic Time Warping Synchronization Signal.

4.4. Synchronize EEG Signals and Behavioral Data Using Long Short-Term Memory Networks

Synchronizing EEG signals with behavioral data is a critical issue in brain-computer
interfaces and multimodal content generation. EEG signals have a relatively high tem-
poral resolution and can provide real-time information on brain activities. However, the
collection of behavioral data usually has a relatively low temporal resolution, which leads
to a time delay problem when synchronizing these two types of signals. LSTM is a deep
learning model suitable for time series data and can effectively capture temporal depend-
encies between EEG signals and behavioral data. Through its unique gating mechanism,
LSTM is capable of capturing short-term and long-term dependencies in signals and is
particularly suitable for synchronization of time series data. LSTM's gating mechanisms
enable it to learn temporal dependencies, facilitating effective synchronization between
EEG and behavioral signals. The key formulas of LSTM are as follows:

Forget Gate: f, = O'(Wf . |ht_1_xt| + bf) (2)

Among them, f; is the output of the forgetting Gate. o is the sigmoid activation
function. wy is the weight matrix. h._, is the hidden state of the previous moment. x, is
the input at the current moment (such as EEG signals or behavioral data), b is the bias
term.

Input gate: i, = a(wi . |ht—1_xt| + bi) ®)

Among them, i, is the output of the input gate, control which information will be
stored in the cellular state. When synchronizing EEG signals with behavioral data, LSTM
can predict behavioral data based on past signal states, thereby solving the problems of
time delay and synchronization between signals. By using LSTM, the model can learn and
adjust the time deviation between EEG signals and behavioral data in real time, ensure
the synchronization of these two types of data, and thereby improve the accuracy and
real-time performance of content generation.
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5. Conclusion

The content generation model based on EEG signals has the prospect of wide appli-
cation in functions such as emotion computing, thinking decoding and multimodal inter-
action. Although there are still problems such as signal noise, decoding accuracy and data
synchronization of EEG signals, the adoption of ICA to eliminate noise, CNN to extract
spatial information, DTW signal synchronization and LSTM to synchronize EEG signals
and behavioral data can further improve the processing effect and efficiency of EEG sig-
nals. With the development of technology, EEG signal-driven content generation models
have more possibilities and can bring new impacts on brain-computer interfaces, intelli-
gent interaction, personalized medical care, etc., further promoting the development of
intelligent systems.

References

1. D.N.Dhake and Y. S. Angal, "Implemented OBL-DE assisted Tasmanian devil optimisation for selecting the optimal features
using EEG signal for stress detection," Int. ]. Ad Hoc Ubiquitous Comput., vol. 47, no. 4, pp. 240-257, 2024, doi: 10.1504/IJA-
HUC.2024.142712.

2. V.Gupta, M. Sharma, R. Kumar, A. Mishra, P. Verma, A. K. Singh, et al., "A firefly based deep belief signal specification based
novel hybrid technique for EEG signal analysis," IETE ]. Res, vol. 70, no. 5, pp. 5263-5269, 2024, doi:
10.1080/03772063.2023.2220698.

3. J. Liu, X. Zhang, L. Wang, H. Zhao, Y. Chen, L. Huang, et al., "Anomaly detection for dual-channel sleep EEG signal with
Mahalanobis-Taguchi-Gram-Schmidt metric," Int. |. Reason.-Based Intell. Syst., vol. 16, no. 5, pp. 337-344, 2024, doi:
10.1504/1JR1S.2024.143166.

4. S.-B. Wong, Y.-T. Chen, H.-C. Hsu, Y.-S. Lin, W.-C. Kuo, and P.-H. Lee, "Author Correction: Application of bi-directional long-
short-term memory network in cognitive age prediction based on EEG signals," Sci. Rep., vol. 14, p. 5433, 2024, doi:
10.1038/s41598-024-53922-3.

5. M. Bhuvaneshwari and K. Raimond, "An automated ensemble approach using Harris Hawk optimization for visually evoked

EEG signal classification," Proc. Inst. Mech. Eng. H, vol. 238, no. 7, pp. 837-847, 2024, doi: 10.1177/09544119241260553.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of GBP and/or the editor(s). GBP and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

Vol. 2 No. 4 (2025) 103 https://doi.org/10.71222/zjjdc487


https://doi.org/10.71222/zjjdc487
http://doi.org/10.1504/IJAHUC.2024.142712
http://doi.org/10.1504/IJAHUC.2024.142712
http://doi.org/10.1080/03772063.2023.2220698
http://doi.org/10.1504/IJRIS.2024.143166
http://doi.org/10.1038/s41598-024-53922-3
http://doi.org/10.1177/09544119241260553

	1. Introduction
	2. Basic Characteristics of EEG Signals
	2.1. Frequency Characteristics of EEG Signals
	2.2. Spatial Characteristics of EEG signals

	3. Research Status of Content Generation Models Based on EEG Signals
	3.1. Noise Interference and Signal Accuracy Decline in Affective Computing
	3.2. The Signal Decoding Accuracy in the Decoding of Thinking Content Is Low
	3.3. Inconsistency of Time and Space in Multimodal Signal Fusion
	3.4. Time Delay in the Synchronization of Electroencephalogram (EEG) Signals and Behavioral Data

	4. Research Strategies for Content Generation Models Based on EEG Signals
	4.1. Use Independent Component Analysis for Denoising
	4.2. Use Deep Convolutional Neural Networks to Extract Spatial Features
	4.3. Dynamic Time Warping Synchronization Signals Are Adopted
	4.4. Synchronize EEG Signals and Behavioral Data Using Long Short-Term Memory Networks

	5. Conclusion
	References

