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Abstract: Current artificial intelligence systems are limited by their passive execution of commands,
lacking autonomous perception, learning, and emotional understanding, which restricts their universality.
To address this, we developed a novel electroencephalography (EEG)-based psychological emotion state
decoding method, combining singular spectrum analysis and entropy measures. By implementing vector
dissimilarity criteria to accelerate entropy calculations and employing a dynamic sample entropy model,
we enhanced the computational efficiency and cognitive computation of emotional states. Our results
demonstrate a significant improvement in computational efficiency, achieving an average recognition
accuracy of 82.78+16.22% for positive and negative emotions, and a peak accuracy of 84.64% in within-
individual recognition. Furthermore, cross-individual recognition of positive, neutral, and negative states
yielded 64.15% accuracy. These findings indicate that our proposed emotion recognition method exhibits
superior universality and generalization, effectively identifying human psychological and emotional states.

Index Terms - EEG Decoding, Electroencephalography (EEG), Cognitive Computing Brain Activity Fourier
Transform.

1.INTRODUCTION

The ability to accurately decode human emotions is critical for the development of truly intelligent machines.
This interdisciplinary research area, drawing from psychology, cognitive science, and computer science,
forms the foundation for emotional artificial intelligence. However, current sentiment analysis faces
significant challenges, including data imbalance, linguistic diversity, and the inherent complexity of emotional
expression (Ghasemi et al., 2024; Pandya et al., 2024; Liu et al., 2022; Movassagh et al., 2021; Usman &
Abdullah, 2023). While external emotional signals like facial expressions and voice intonation are easily
observed, they are susceptible to subjective and social influences. Physiological signals, such as
electroencephalography (EEG), offer a more objective window into emotional states, mitigating these biases
(K Liu et al., 2023). Yet, the significant individual variability in physiological emotional responses poses a
substantial hurdle, limiting the universality and robustness of current recognition models (Lu et al., 2021; S
Liu et al., 2023). To address this, we propose a novel EEG decoding method based on Singular Spectrum
Analysis (SSA) and entropy measures, aiming to endow cognitive computing systems with human-like
emotional cognition. This method optimizes entropy feature extraction using SSA decomposition, accelerates
entropy calculation through vector dissimilarity judgment, and enhances generalization through dynamic
entropy measure representation. By integrating entropy measurement with machine learning, high accuracy
auditory attention object identification from EEG signals is achieved. This research offers three key
contributions: a novel EEG decoding method with optimized performance, a fast entropy calculation
technique, and enhanced generalization for cross-individual emotional state recognition. This paper is
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structured as follows: Section 1 reviews current emotion recognition methods; Section 2 details the proposed
cognitive computing-based decoding approach; Section 3 presents performance validation; and Section 4
concludes.

2. Calculation method of psychological emotional states

This research investigates the factors affecting EEG decoding performance using entropy measures, leading
to the development of a novel algorithm that integrates Singular Spectrum Analysis (SSA). To accelerate
entropy calculations, a rapid computation method utilizing vector dissimilarity criteria is proposed.

Brain activity manifests as electrical signals, detectable on the scalp as EEG. Analyzing these signals allows
for the interpretation of various brain states. With the rise of machine learning in biomedicine, EEG decoding
has advanced significantly, effectively isolating task-related brain activity (Cao et al., 2023). The fundamental
EEG decoding process involves signal acquisition, preprocessing, and feature extraction, as illustrated in Fig.
1.

EEG signals, characterized by non-stationarity, nonlinearity, and complexity, often require advanced
processing for effective decoding. Direct entropy feature extraction can be insufficient. To improve decoding,
techniques like wavelet transforms, empirical mode decomposition, and short-time Fourier transforms are
utilized. In our approach, EEG decoding using entropy measures involves two steps: first, time-series
decomposition and reconstruction via Singular Spectrum Analysis (SSA), and second, entropy feature
extraction from the resulting components. This method enhances feature information and improves decoding
performance.

SSA, anonlinear time-series analysis based on principal component analysis, analyzes time-series dynamics
and constructs a trajectory matrix through phase space reconstruction (Ly & El-Sayegh, 2023). Singular Value
Decomposition (SVD) then decomposes this matrix into key component structures. Given EEG's non-
stationary and random nature, SSA is well-suited for its analysis. By integrating SSA decomposition and
reconstruction, we isolate relevant EEG time-series components, facilitating subsequent entropy feature
extraction. This integration forms the basis of our novel EEG decoding algorithm, shown in Fig. 2.

The SSA method consists of decomposition and reconstruction phases. Decomposition involves embedding
and SVD. A phase reconstruction algorithm maps a one-dimensional time series, t(n), into a trajectory matrix,
X, as shown in Eq. (1), where w is the window length.

X=1t1) t2) ... t(L)]

[t(2) t(3) ... t(L+1)]
[.. o ]
[ t(w) t(w+1) ... t(N)]

SVD then decomposes X into a sum of elementary matrices, as shown in Eq. (2), where Aj are eigenvalues,
Uj are eigenvectors, and Vj is derived from XTUj.

X =X(w, j=1) V) * Uj * Vi*T = X1 + X2 + ... + Xw

Reconstruction involves grouping and diagonal averaging. Singular values and their corresponding
eigenvectors are grouped, forming matrices Xck. Subsets are created, and the final reconstructed matrix, X,
is obtained by summing these grouped matrices.
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Fig. 1. Basic flow of emotional state decoding based on EEG signal.
L=\
Different Prediction of - -
|--————

Physiological status physiological status

Pattern classifier

Input
——»| features
Screening notable
EEG signals SSA components Feature
———
acquisition vectors
—-r——————— -
L] SSA | !
| | —_ 1 ————
T R —}
reprocessing
o | | SSA components | :
segmentation ' | | Training set Test sct

I | Entropy metrics | |

Fig. 2. Basic flow of EEG decoding based on SSA and entropy measure.

The reconstructed matrix, X, with dimensions w x L, can be represented as X = (x)i,j, where 1 <i<wand 1
< j < L. Diagonal averaging within the SSA reconstruction process involves averaging the elements (X)i,]
along the diagonal i + j = n + 1 of the matrix. This yields the reconstructed time series y(n), forn=1, 2, 3, ...,
N, defined mathematically by Eq. (3):

y(n) ={ i

(1/n) * 2(i=1 to n) xi,n-i+1, 1<n<w
(1/w) * X(i=1 to w) xi,n-i+1, w<n<L
(1/(N-n+1)) * Z(i=n-L+1 to w) Xi,n-i+1, L+ 1<n<N

¥

The reconstructed time series y(n) corresponds directly to the elements of the matrix X. In the grouping
phase of SSA reconstruction, if k = w, then X = X. In this scenario, the original time series t(n) can be fully
reconstructed from matrix X. The time series can be expressed as the sum of individual one-dimensional time
series, as shown in Eq. (4):

t(n) = X(ck=1 to w) yck(n), X(n=1to N)

To enhance EEG entropy information extraction and improve decoding, this study integrates SSA processing

into the entropy measurement feature extraction. Given an EEG time series s(n), forn=1, 2, 3, ..., N, the time
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trajectory matrix is formed through phase space reconstruction, varying the window length w. Singular Value
Decomposition (SVD) then yields eigenvalues and corresponding left and right singular vectors, used to
reconstruct SSA components of various orders. Finally, the EEG signal s(n) is represented as the sum of these
SSA components.

Fig. 3 illustrates the process of brain entropy feature extraction using SSA components from EEG signals.
The SSA algorithm, comprising phase-space reconstruction, SVD, grouping, and diagonal averaging, is
employed to process EEG and generate SSA components for each order. As each SSA component is a one-
dimensional time series, their entropy measures provide information about the EEG signal. Four distinct
entropy measurement techniques—Multi-scale, Sample, Fuzzy, and Approximate Entropy—are utilized to
analyze these EEG signals, extracting specific features.

SSA

The embeddings constitute
the trajectory matrix

Y

\ 4 Calculation of entropy measure
of SSA component of EEG signal

SVD decomposition of
trajectory matrix

Y

EEG time series Y
Grouping (ordering singular
values from largest to smallest)
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Each order SSA component of
EEG signal was reconstructed

Fig. 3. EEG entropy feature extraction based on SSA components of EEG signals.

The reconstructed matrix, X, with dimensions w x L, can be represented as X = (X)i,j, where 1 <i <wand 1
< j < L. Diagonal averaging within the SSA reconstruction process involves averaging the elements (X)i,]
along the diagonal i + j = n + 1 of the matrix. This yields the reconstructed time series y(n), forn=1, 2, 3, ...,
N, defined mathematically by Eq. (3):

y(n) ={ -

(1/n) * £(1=1 to n) xi,n-i+1, 1<n<w
(1/w) * (i=1to w) xi,n-i+1, w<n<L
(1/(N-n+1)) * X(i=n-L+1 to w) xi,n-i+1, L+ 1<n<N

}

The reconstructed time series y(n) corresponds directly to the elements of the matrix X. In the grouping
phase of SSA reconstruction, if k = w, then X = X. In this scenario, the original time series t(n) can be fully
reconstructed from matrix X. The time series can be expressed as the sum of individual one-dimensional time
series, as shown in Eq. (4):

t(n) = Z(ck=1 to w) yck(n), Z(n=1to N)

To enhance EEG entropy information extraction and improve decoding, this study integrates SSA processing
into the entropy measurement feature extraction. Given an EEG time series s(n), forn=1, 2, 3, ..., N, the time
trajectory matrix is formed through phase space reconstruction, varying the window length w. Singular Value
Decomposition (SVD) then vyields eigenvalues and corresponding left and right singular vectors, used to
reconstruct SSA components of various orders. Finally, the EEG signal s(n) is represented as the sum of these
SSA components.

Fig. 3 illustrates the process of brain entropy feature extraction using SSA components from EEG signals.
The SSA algorithm, comprising phase-space reconstruction, SVD, grouping, and diagonal averaging, is
employed to process EEG and generate SSA components for each order. As each SSA component is a one-
dimensional time series, their entropy measures provide information about the EEG signal. Four distinct
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entropy measurement techniqgues—Multi-scale, Sample, Fuzzy, and Approximate Entropy—are utilized to
analyze these EEG signals, extracting specific features."identified as "relevant features™ in a specific

Following feature extraction, a critical step in EEG decoding involves identifying and removing irrelevant
features. To achieve this, relevant features are selected within a specific feature vector space for each EEG
task. Irrelevant dimensions are eliminated through dimensionality reduction. In this study, pairwise t-tests,
with a significance level of p = 0.05, are used to conduct feature selection on the SSA components of the
EEG. This process isolates entropy features with statistically significant differences, which are subsequently
used for EEG signal decoding.

3.2. Emotion Recognition Cognition: Computational Methods

EEG entropy measures, reflecting the nonlinear dynamics of brain signals, have garnered significant research
interest. However, traditional entropy methods like Approximate, Sample, and Fuzzy Entropy are
computationally intensive, hindering their application in real-time EEG decoding tasks (Garai et al., 2023).
Moreover, relying solely on entropy for criterion weighting can overlook crucial interaction information (Gou
et al., 2017; Gou et al., 2020). Vector distance calculation, central to entropy computation, assesses vector
similarity in phase space. However, this process is time-consuming, and not all vector pairs require individual
distance calculations. Therefore, we introduce a vector dissimilarity algorithm, which directly determines
vector dissimilarity, expediting entropy calculations for Sample, Approximate, and Multi-scale Entropy.

Initially, a decision metric, Decision(i, j) > m x r, is defined as a sufficient condition for dissimilarity between
vectors Xm and Xj(m), as shown in Eqg. (5):

Decision(i, j) = | Z(k=0 to m-1) Xi+k - £(k=0 to m-1) xj+k [>m x r

Here, m represents the embedding dimension, and r denotes the similarity tolerance. In Approximate and
Sample Entropy calculations, two m-dimensional vectors, Xi(m) and Xj(m), are considered similar if their
distance is within r, as shown in Eq. (6):

| Xi+k - xjtk |<r, forallk, 0 <k<m-1

If Decision(i, j) > m x 1, vectors Xi(m) and Xj(m) are necessarily dissimilar. If two vectors are similar, the
absolute difference of their corresponding components is less than m x r, as shown in Eq. (7):

max{ | Xi+k - xjtk | } <r, forallk,0 <k <m-1 => X(k=0 to m-1) | xi+k - xj+k | <m x r

Based on Decision(i, j) > m X r, Eq. (8) can be derived:

| (k=0 to m-1) xi+k - Z(k=0 to m-1) xj+k | >m x r => | E(k=0 to m-1) (Xi+k - xj+k) |>m x r

And using |a| + [b| > |a + b|, Eq. (9) is obtained:

(k=0 to m-1) | Xi+k - xj+k | >m x r

Therefore, from Egs. (6) and (9), vectors Xi(m) and Xj(m) are dissimilar, leading to Eq. (10):

max{ | Xi+k - xj+tk | } >1, forallk,0 <k <m-1

The Decision(i, j) metric thus provides a sufficient condition for vector dissimilarity. By implementing this
method, dissimilar vectors are identified directly, bypassing time-consuming distance calculations. Given that
dissimilar vectors typically dominate in entropy calculations, this approach significantly enhances
computational efficiency.

Dynamic sample entropy is extracted from EEG data using a time window of width tw, moving along the
time axis by At. The dynamic sample entropy expression, DySampEn(m, r), is defined for embedding
dimension m and similarity threshold r, as shown in Eq. (11) for a brainwave time series of length T:

DySampEn(m, r) <k> = SampEn(m, r) <k>, 1 <k <W

Fig. 4 illustrates the emotion valence recognition system. Emotional images are used to elicit emotional
responses, and corresponding EEG signals are recorded. After preprocessing and dimensionality reduction,
an interactive confirmation method is used to train and test the emotion recognition model. This approach
demonstrates strong generalization for cross-individual emotion valence recognition, evaluating performance
by testing each participant's EEG against the EEG of others.
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Fig. 5 shows the selective attention decoding model based on a deep Long Short-Term Memory (LSTM)
network. This model comprises an attentional decoder, a non-attentional decoder, and an attentional
classification network, all built upon a 6-layer LSTM Recurrent Neural Network (RNN). The input layer
(Level 0) receives EEG, attentional speech envelope, and non-attentional speech envelope sequences. Levels
1-3 consist of parallel attentional and non-attentional decoder modules, each a 3-layer LSTM-RNN structure
with a fusion layer. The attentional decoder processes EEG and attentional speech, while the non-attentional
decoder processes EEG and non-attentional speech. Levels 4-5 constitute the attention classification module,
with two fully connected neural network layers. Level 4 combines the decoder outputs, and Level 5 provides
the final classification.

EEG signals Dynamic sample Feature dimension

EEG signals ——-| . .
preprocessing entropy reduction

Testing data
(imi _ Leave-one-subject-out verification strategy
[ I
EEG time series |- SVM ‘—| |
I | II 9 ‘
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Fig. 4. Block diagram of emotion titers recognition system.

P WTRrTI
AR

== i :
’j"ﬁav&w J_"%‘ Level O

Attended speech envelope EEG Unattended speech envelope

|
l"'___ ______ r___\/__ ______ B "Wl
" o
I [LSTMRNN #1| |LSTM RNN #2 | ||[ LSTM RNN #4| |LSTM RNN #3| E : Level 1
I3 | | 1] = |
12 I |
: 9 | Point by point subtraction | I | Point by point subtraction | g | Level 2
= (27
| & I g |
= Y 1] A e |
| < [LsT™ RNN #5 | 1 [ LsT™M RNN #6 | = Level 3
N —— — —_— = — — — — /
fm———m—————— — = | Ep———— -
5 cee | Level 4
| g B O O O O O O--0 , ev
: .g % v Concatenation |
| E § I L 15
L 5 | Output | I eve
—————————————————————————— —

Fig. 5. Selective attention decoding model based on deep LSTM neural network
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3. Analysis of experimental results

The experiment involved the performance evaluation of the proposed entropy measurement rapid calculation
method using simulated signals and real EEG data. Cross-individual emotion state recognition was conducted
on 12 participants using the Emotional EEG dataset of Shanghai Jiao Tong University, consisting of 6 males
and 6 females (average aged of 26.35%3.64).

3.1. Algorithm performance validation:

This study employed video clips designed to elicit positive, negative, and neutral emotional responses,
utilizing five clips per emotion category, each lasting approximately four minutes. Participants' emotional
states were monitored, and EEG signals were recorded using the ESI-128 EEG acquisition system by
Neuroscan. EEG data was collected from 62 channels at a sampling rate of 1000 Hz, with electrode placement
adhering to the International Federation of Clinical Neurophysiology standards, as shown in Fig. 6.

Each participant underwent three experimental sessions, spaced at least seven days apart. Each session
consisted of 15 trials, resulting in a total of 750 EEG data segments representing the three emotional states,
with 225 segments per emotion. EEG data was segmented using a four-second time window, with a two-
second overlap between windows. For each channel's EEG time series, 29 sequential entropy features were
extracted. The entropy measurement algorithm was implemented in MATLAB, within a computing
environment of an Intel Core i7 CPU @ 3.2 GHz with 16GB RAM and Windows 7. The recorded EEG data
spanned 60 seconds, sampled at 500 Hz, yielding 30,000 data points. An embedding dimension of 2 and a
similarity tolerance of 0.15 were used for entropy calculation.

Fig. 7 presents the computational resource analysis for the proposed algorithm. When processing 100 EEG
data segments, the CPU utilization was 26.35%. For 150 segments, CPU usage was 33.75%, and for 225
segments, it was 34.63%. The algorithm consistently maintained low CPU utilization, indicating that system
resources were sufficient for data processing.

To evaluate the vector dissimilarity algorithm, a comparison was made against the algorithm detailed in Wen
et al. (2023). Table 1 displays the average computation time for multi-scale entropy of EEG signals across
varying time intervals (1 to 8). As indicated in Table 1, there are notable differences in computation time
between the two algorithms.

Fig. 6. Schematic diagram of placement of EEG electrodes.
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Fig. 7. Computing resources required by the algorithm

The proposed algorithm demonstrated a maximum efficiency improvement of 48.3% and an average
improvement of 47.8% compared to the algorithm presented in Li et al. (2023).

To examine the temporal distribution of EEG entropy under varying emotional valences, EEG signals from
two participants were analyzed. Fig. 8 displays the time-domain profiles of EEG entropy features, derived
from dynamic sample entropy across 29 time windows, for both positive and negative emotional states. In
Fig. 8(a), during the first experimental session, entropy values associated with positive emotions were
generally slightly higher than those associated with negative emotions. Fig. 8(b) indicates that in the second
and third sessions, entropy values for positive emotional states were significantly greater than those for
negative states. These findings suggest that the temporal variations in EEG dynamic sample entropy contain
information relevant to emotional valence.

For performance validation, three EEG sample conditions were defined: A (attention to animal sounds), B
(attention to continuous speech), and Rest (relaxed state with no audio). Complex multi-scale entropy was
extracted from 8-channel EEG signals using varying similarity tolerance (r) parameters. Table 2 presents the
recognition accuracy for Rest, A, and B using composite multi-scale entropy with r values of 0.1, 0.2, 0.3,
and 0.4. The average recognition accuracy was 59.33% (p = 0.020) for r = 0.1, 70.01% (p < 0.001) forr =0.2,
71.29% (p < 0.001) for r = 0.3, and 55.52% (p = 0.068) for r = 0.4. The highest recognition accuracy was
achieved with r = 0.3, resulting in 68.78% for Rest, 77.84% for A, and 67.24% for B.

4.2. Recognition Results Analysis

The performance of emotion valence recognition was evaluated across three experimental sessions of EEG
data. Table 3 shows the cross-individual positive and negative emotion recognition results using dynamic
entropy-based brainwave pattern learning, expressed as mean and standard deviation for 12 participants. The
recognition accuracy was 82.66+13.25% for the first session, 82.86+16.35% for the second session, and
82.81+19.08% for the third session, with an overall average accuracy of 82.78+16.22%. The average
recognition accuracy for positive and negative emotions across all tests was

Positive cmotion Positive cmotion

DySampEns
DySampEns
38

(a) Subject A (b) Subject B
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Results of multi-scale entropy identification using different similarity tolerance parameters.
Recognition rateSimilarity tolerance r
0.1 0.2 0.3 0.4

Rest 63.25 % 69.85% 68.78% 55.17%
A 61.76 % 7718 % 77.84 % 62.23 %
B 52.97 % 63.01 % 67.24% 49.17 %

Average recognition rate ~ 59.33 % 70.01 % 71.29% 55.52 %

Table 3
Resultsofemotionrecognition.
Experiment 1 2 3 Mean
round value
Accuracy rate 82.66 82.86 82.81 82.78
(%) +13.25  +16.35 +19.08 +16.22
Sensitivity (%)  82.36 86.94 80.16 83.15
+24.66  +24.63 +18.95 +22.75
Specificity (%) 82.91 78.81 85.92 82.55
+20.36  +31.68 +27.65 +25.36
Error rate (%) 18.63 17.63 17.65 17.97
+13.79  +16.84 +18.45 +16.36
Sample size 150 150 150 450

The recognition accuracy across the three experimental sessions showed a high degree of consistency. This
indicates that the dynamic entropy-based brainwave emotion pattern learning method is capable of robust
cross-individual emotion valence recognition.

Fig. 9 presents the cross-individual emotion recognition results for the 12 participants across the three
experimental sessions. As shown in Fig. 9(a), the individual accuracy rates were 86.67%, 66.67%, 83.33%,
80.00%, 63.33%, 90.00%, 86.67%, 100%, 70.00%, 80.00%, 100%, and 76.67%, respectively. The average
accuracy was 84.64% + 11.38%, demonstrating improved performance compared to the single-round
experiments. This enhancement can be attributed to the general trend of learning algorithms improving with
increased data samples.

Fig. 9(b) illustrates the recognition results for positive, negative, and neutral emotions across the 12
participants. The individual accuracy rates were 60.00%, 55.56%, 73.33%, 66.67%
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Fig. 9. Results of emotion recognition based on dynamic entropy
pattern learning.

The recognition accuracy for positive, negative, and neutral emotions across the 12 participants was: 60.00%,

55.56%, 73.33%, 66.67%, 64.44%, 66.67%, 46.67%, 84.4%, 64.44%, 60.00%, 75.11%, and 55.56%, with an
average accuracy of 60.98%
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Fig. 10. EEG Spectrum Analysis Results
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This research employed Fourier transform, Classical Constant Q Transform (Classic-CQT), and Automatic
Constant Q Transform (Auto-CQT) to analyze EEG signals and determine the percentage of the a frequency
band. The Fourier transform calculated total band power by summing electrode spectral powers due to its
wider bandwidth at higher frequencies. CQT, on the other hand, averaged electrode spectral powers for each
band. Fig. 10(a) showed the Fourier transform results, revealing a significant amplitude at 10 Hz, but with
notable amplitudes in adjacent spectral lines. Fig. 10(b) provided a magnified view of the 10 Hz range from
Fig. 10(a). Fig. 10(c) presented the Auto-CQT results, demonstrating that CQT spectral lines provided more
distinct spectral features.

The auditory selective attention encoding model, based on Long Short-Term Memory (LSTM) deep
networks, was trained and tested using samples of nine different lengths. Fig. 11(a) illustrated that sound
recognition accuracy for auditory attention targets was consistently high across participants when sample
durations were below 1.5 seconds. However, with durations exceeding 2 seconds, significant variations in
target word recognition accuracy were observed. The median accuracy for auditory attention targets remained
relatively consistent across varying sequence lengths, as shown in the box plot of Fig. 11(a). Fig. 11(b)
demonstrated the relationship between accuracy and the number of model training cycles. Recognition
accuracy reached approximately 50% after 5 training cycles, indicating insufficient training. As training
cycles increased from 5 to 40, recognition rates significantly improved. With over 45 training cycles, the
LSTM-based auditory selective attention decoding model achieved approximately 95% prediction accuracy.

To evaluate the impact of different brain regions’ EEG information features on emotion valence recognition,
brain electrodes were partitioned, as shown in Fig. 12(a). The partitions included left and right frontal, left
and right posterior, and left and right hemispheres, as well as anterior and posterior regions. The recognition
performance of positive and negative emotions across individuals was analyzed for eight brain region
partitions, with results shown in Fig. 12(b). Using EEG data from 15 participants, the accuracy of emotion
valence recognition, based on the dynamic entropy-based EEG emotion map learning algorithm, was 84.36%,
70.65%, 78.44%, 80.12%, 70.08%, 69.94%, 80.23%, and 74.63%, respectively, corresponding to the frontal
hemisphere, posterior hemisphere, left hemisphere, right hemisphere, left posterior region, right posterior
region, left frontal lobe, and right frontal lobe regions. Despite having only 33 EEG electrodes, the anterior
hemisphere showed the highest accuracy (84.36%) in emotion valence judgment, indicating the importance
of brain region and electrode channel selection. The EEG activity in the anterior hemisphere may contain the
most relevant information for emotion valence judgment.

To compare with other emotion recognition systems, various algorithmic models were tested on datasets,
and algorithms such as Discrete Wavelet Transform (DWT), Empirical Mode Decomposition (EMD), and
Short-time Fourier Transform (SFT) were reproduced for comparison. The test results for each participant are
shown in Fig. 13. The data were divided into 10 equal segments, and ten-fold cross-validation was conducted
for each participant’s data.
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The proposed method achieved an average recognition accuracy of 92.19%, compared to 85.51% for
Discrete Wavelet Transform (DWT), 83.75% for Empirical Mode Decomposition (EMD), and 86.27% for
Short-time Fourier Transform (SFT). The proposed method demonstrated an accuracy improvement of over
5% compared to these alternative algorithms. Furthermore, it outperformed baseline methods in cross-
individual emotion titer recognition. This improvement is attributed to the input feature vector, which utilizes
the time-domain contour of dynamic sample entropy, derived from a sliding time window. This approach
effectively captures the temporal dynamics of EEG entropy, representing the temporal state characteristics of
emotions and enhancing the representation of emotion-related EEG activity. Consequently, the dynamic
entropy-based EEG emotional pattern learning method provides more accurate monitoring of emotional states
from EEG signals, improving inter-individual emotion tier recognition.

Table 4 compares the proposed method with existing studies. The proposed method showed superior
recognition rates for Rest and A tasks in the 3-classification auditory target recognition scenario. While the
performance for task B was not the highest, it was comparable to existing research. These results demonstrate
the effectiveness of EEG entropy measures in extracting brain activity information related to auditory target
attention from EEG signals. By constructing an auditory attention classifier using machine learning, the model
learns patterns and rules from EEG entropy feature data, enabling emotion recognition based on EEG signals.
Notably, the proposed model achieved high-precision auditory selective attention decoding using only eight
EEG channels, a significant reduction compared to other methods. This reduction in EEG decoding signal
requirements, such as time series duration and channel count, enhances the practical value of the approach. A
key limitation of existing auditory selective attention decoding methods, particularly stimulus reconstruction
methods, is their reliance on excessively long EEG time series, which restricts their practical application.
Therefore, the proposed auditory attention decoding method offers a promising direction for future research
and development.
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(b) Performance effects of emotional titer recognition

This study focused on recognizing individual psychological and emotional states by integrating time-series
decomposition and reconstruction with EEG entropy measures. An EEG signal decoding method was
developed, combining Singular Spectrum Analysis (SSA) and entropy measures. To address the
computational demands of entropy calculations, a vector dissimilarity criterion was implemented to expedite
the process. The results indicated that this SSA-entropy based EEG decoding method effectively improved
EEG decoding performance. Compared to the algorithm in Wen et al. (2023), the accelerated entropy
calculation method demonstrated a 47.8% increase in computational efficiency.

The proposed EEG emotion recognition method achieved a peak recognition accuracy of 84.64% for positive
and negative emotional states, and 64.15% for cross-individual positive, neutral, and negative states. The
average emotion recognition accuracy across three experimental sessions was 82.78+16.22%. The consistency
of recognition accuracy across these sessions highlighted the robustness of dynamic entropy-based EEG
emotional pattern learning for cross-individual emotion valence recognition. The proposed method achieved
an average accuracy of 92.19% on the SEED dataset, outperforming Discrete Wavelet Transform (DWT),
Empirical Mode Decomposition (EMD), and Short-time Fourier Transform (SFT) algorithms by over 5%.

The developed EEG decoding method proved effective in processing EEG signals with non-stationary,
nonlinear, and multi-component characteristics, showing enhanced cross-individual emotion recognition and
improved generalization. This cognitive computing method for cross-individual emotional state recognition
optimized EEG emotional pattern recognition, enabling effective prediction of psychological and emotional
states from EEG signals. Comparisons with Li et al. (2023) and Kamble & Sengupta (2023) demonstrated the
method's ability to learn emotional features from EEG entropy data.

However, EEG signal collection can be affected by disturbances like EMG artifacts, potentially reducing
emotion recognition accuracy. Future work will explore adaptive filters to dynamically adjust parameters
based on EEG signal and noise statistics, enhancing signal-to-noise ratio and overall performance.
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