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Abstract 

Affective computing is a key research area in computer science, neuroscience, and psychology, aimed at enabling 
computers to recognize, understand, and respond to human emotional states. As the demand for affective comput-
ing technology grows, emotion recognition methods based on physiological signals have become research hotspots. 
Among these, electroencephalogram (EEG) signals, which reflect brain activity, are highly promising. However, due 
to individual physiological and anatomical differences, EEG signals introduce noise, reducing emotion recognition 
performance. Additionally, the synchronous collection of multimodal data in practical applications requires high 
equipment and environmental standards, limiting the practical use of EEG signals. To address these issues, this study 
proposes the Emotion Preceptor, a cross-subject emotion recognition model based on unimodal EEG signals. This 
model introduces a Static Spatial Adapter to integrate spatial information in EEG signals, reducing individual differ-
ences and extracting robust encoding information. The Temporal Causal Network then leverages temporal informa-
tion to extract beneficial features for emotion recognition, achieving precise recognition based on unimodal EEG sig-
nals. Extensive experiments on the SEED and SEED-V datasets demonstrate the superior performance of the Emotion 
Preceptor and validate the effectiveness of the new data processing method that combines DE features in a temporal 
sequence. Additionally, we analyzed the model’s data flow and encoding methods from a biological interpretability 
perspective and validated it with neuroscience research related to emotion generation and regulation, promoting 
further development in emotion recognition research based on EEG signals.

Keywords  Emotion recognition, EEG, Temporal causal network

1  Introduction
Affective computing is a significant research direction in 
computer science, neuroscience, and psychology, aim-
ing to enable computers to recognize, understand, and 
respond to human emotional states. As affective comput-
ing technology matures, human sensory, cognitive, and 
operational capabilities will be significantly expanded, 
providing unprecedented depth and breadth in human-
computer interaction. Accurate identification of the true 
emotional state of the target is paramount for effective 
affective computing tasks.

To achieve accurate detection and recognition of the 
target’s true emotional state, researchers have increas-
ingly focused on emotion recognition methods based 
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on physiological signals. Among these, EEG signals, 
which directly measure brain activity, are seen as espe-
cially promising. EEG can detect changes in brain activ-
ity across different emotional states and offers advantages 
like being non-invasive, affordable, and convenient for 
data collection [1, 2]. Consequently, using EEG signals for 
emotion recognition tasks has become a research hotspot 
and has shown broad application prospects in affective 
computing.

With the rapid proliferation of multimodal data and 
learning methods, emotion recognition tasks based on 
EEG signals have also introduced auxiliary modalities 
such as eye movement features, facial expressions, and 
electrocardiograms. Multimodal data indeed improve 
the accuracy of emotion recognition tasks and promote 
research development in this field [3–11]. However, in 
practical applications, the synchronous collection of mul-
timodal signals imposes high equipment and environ-
mental requirements, hindering the practical transition 
from research to industry and significantly affecting the 
convenience of using EEG signals.

Research on emotion recognition based on EEG sig-
nals faces challenges. Each individual has unique physi-
ological and anatomical structures, and non-invasive 
EEG signals inevitably introduce noise interference from 
these physical layers, resulting in non-stationary charac-
teristics that affect emotion recognition performance [12, 
13]. This also means that an emotion recognition model 
trained on one subject’s EEG signals cannot be directly 
transferred to another subject’s data without severely 
impacting recognition performance.

Therefore, this study proposes the Emotion Preceptor, 
a model for precise cross-subject emotion recognition 
based on unimodal EEG signals. This model innovatively 
introduces a Static Spatial Adapter to maximize the inte-
gration of spatial dimension information in EEG signals, 
reducing individual differences in EEG data and extract-
ing robust and effective encoding information. The Tem-
poral Causal Network then utilizes the rich information 
in the time dimension to extract the most beneficial 
temporal causal features for emotion recognition tasks, 
achieving precise emotion recognition based on uni-
modal EEG signals. Extensive experiments on the SEED 
and SEED-V datasets have demonstrated the superior 
performance of the Emotion Preceptor and validated 
the effectiveness of the new data processing method that 
combines DE features in a temporal sequence. Specifi-
cally, our contributions are as follows: 

1.	 We propose the Emotion Preceptor, a precise emo-
tion recognition model based on unimodal EEG 
signals, which shows performance in cross-subject 

emotion recognition tasks comparable to or even 
surpassing methods using multimodal signals.

2.	 We designed the Static Spatial Adapter specifically 
for handling cross-subject tasks, which extracts uni-
fied features and effective encoding from EEG sig-
nals with different subject differences. The Temporal 
Causal Network integrates the temporal causal infor-
mation of these features and uses it for the final emo-
tion recognition task.

3.	 We conducted extensive experiments on different 
datasets and analyzed the data flow and encoding 
methods in the model from the perspective of bio-
logical interpretability, while also validating it with 
neuroscience research related to emotion generation 
and regulation.

2 � Related works
Research on emotion recognition based on human sig-
nals has been rapidly developing in recent years. EEG, as 
a type of brain signal that is relatively easy to obtain and 
can directly measure electrical activity on the scalp, can 
accurately capture changes in neural activity in the brain, 
making it one of the most powerful data types for emo-
tion recognition projects.

Since emotional changes are the result of the body’s 
comprehensive response to external variations [14, 15], 
it is natural to develop emotion recognition research 
using multiple data modalities simultaneously. Empiri-
cal research has demonstrated that the concurrent use 
of multimodal signals can significantly enhance emotion 
recognition performance [16].

EmotionMeter, introduced by Zheng et al. [3], is a mul-
timodal emotion recognition framework that combines 
EEG and eye movements, achieving high accuracy and 
demonstrating effectiveness across sessions.

The MMResLSTM network, proposed by Ma et al. [4], 
effectively learns correlations between EEG and other 
physiological signals for emotion recognition, achieving 
high classification accuracy on the DEAP dataset.

Li et  al. employed a multimodal attention-based 
BLSTM framework that transforms physiological signals 
into spectrograms and utilizes attention mechanisms to 
automatically learn temporal features, achieving efficient 
emotion recognition on the AMIGOS dataset [5].

Jia et al. introduced HetEmotionNet [6], a two-stream 
heterogeneous graph recurrent neural network that 
fuses multimodal physiological signals for emotion rec-
ognition, achieving superior performance on real-world 
datasets.

Liu et al. compared the performance and robustness 
of DCCA and BDAE for multimodal emotion 
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recognition [7], demonstrating that DCCA achieves 
state-of-the-art results and greater robustness across 
multiple datasets.

Vazquez et al. demonstrated the suitability of a Trans-
former-based approach for multimodal emotion rec-
ognition from physiological signals [8], showing that 
pre-training improves performance on a state-of-the-art 
dataset.

Jiang et  al. introduced a novel multimodal emotion 
dataset combining EEG and eye movement signals, along 
with the Multimodal Adaptive Emotion Transformer 
(MAET) [9], which demonstrated superior performance 
in emotion recognition through extensive experiments.

Dong et al. introduced a pre-trained model-based Mul-
timodal Mood Reader for cross-subject emotion recog-
nition [10], utilizing masked brain signal modeling and 
interlinked spatial-temporal attention mechanisms to 
achieve superior performance on public datasets.

Despite the fact that the assistance of multimodal data 
such as eye movement features can indeed improve the 
performance of EEG-based emotion recognition tasks 
to some extent, obtaining these synchronously collected 
multimodal data may face considerable challenges in 
practical applications and deployment environments. 
Therefore, research on precise emotion recognition 
based on single-modal EEG signals is also continuously 
evolving.

The R2G-STNN, introduced by Li et al., is a neurosci-
ence-inspired EEG emotion recognition method that uti-
lizes spatial and temporal neural networks with regional 
to global hierarchical feature learning, achieving state-of-
the-art performance on the SEED database [17].

SST-EmotionNet, presented by Jia et  al., is a spatial-
spectral-temporal-based attention 3D dense network for 
EEG emotion recognition. This method effectively inte-
grates diverse features and explores discriminative local 

patterns, achieving superior performance on real-world 
datasets [18].

Gong et al. developed ASTDF-Net, an attention-based 
spatial-temporal dual-stream fusion network for EEG-
based emotion recognition. It effectively captures and 
integrates crucial discriminative features from complex 
spatiotemporal EEG patterns, outperforming state-of-
the-art methods on public datasets [19].

To augment imbalanced EEG emotion datasets, Zhang 
et  al. introduced Emotional Subspace Constrained 
Generative Adversarial Networks (ESC-GAN), which 
enhance emotion recognition performance and robust-
ness against adversarial attacks [20].

3 � Methodology
3.1 � Overview
We propose Emotion Preceptor, a model designed 
for cross-subject precise emotion recognition tasks 
based on single-modal EEG signals. This model 
optimally integrates the spatial dimension information 
of EEG signals through the introduced Static Spatial 
Adapter. Subsequently, the Temporal Causal Network 
leverages the rich temporal information to extract the 
most beneficial temporal causal features for emotion 
recognition tasks, thereby achieving precise emotion 
recognition using single-modal EEG signals.The overview 
of Mood Preceptor is presented in Fig. 1.

3.2 � Static spatial adapter
As a common brain signal with high temporal reso-
lution, EEG’s spatial resolution is not prominent. To 
address this, we designed a Static Spatial Adapter 
aimed at efficiently integrating the spatial dimension 
information of EEG signals for precise emotion recog-
nition tasks. First, we performed Short-Time Fourier 
Transform (STFT) on the preprocessed EEG signals, 
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Fig. 1  Overview of Emotion Preceptor. The entire Emotion Preceptor consists of three main modules: the Static Spatial Adapter, the Temporal 
Causal Network, and the Classify Network. These modules are respectively used to extract or enhance the corresponding feature information 
and are ultimately employed for the emotion classification task
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following the same specifications as previous stud-
ies, to calculate Differential Entropy (DE) features. DE 
features have been proven to be the most effective in 
emotion recognition of EEG signals, as they not only 
capture the variability of EEG signals but also encap-
sulate brain activity information relevant to emotional 
states.

To further emphasize the temporal dimension in DE 
features, we refer to study [10] and employ the sliding 
window combination (SWC) method to increase the 
number of sliding windows, resulting in a new repre-
sentation of EEG signals, X ∈ R

N×C×F  , where N repre-
sents the number of sliding windows used to calculate 
DE features, C represents the number of electrode 
channels, and F represents the number of signal fre-
quency bands.

Next, we performed a dimensional transformation 
aimed at channel aggregation to better integrate spa-
tial information and obtain D̂ ∈ R

N×(C·F) . Here, D̂ rep-
resents the spatial information. This transformation is 
significant as it enhances the separation and capture of 
spatial and temporal features in EEG signals, thereby 
providing richer information for subsequent emotion 
recognition tasks.

For the features obtained after channel aggregation, 
we used stacked Spatial Units to further encode infor-
mation in the spatial dimension, resulting in enhanced 
EEG features D. Each Spatial Unit is based on a multi-
head attention mechanism, and the specific calculation 
process is described as follows:

Generate Queries, Keys, and Values: Generate que-
ries Q, keys K, and values V through projection,where 
LN represents LayerNormalization and Proj means 
LinearProjector:

Subsequently, the feature attention is computed and pro-
jected back into the feature space, supplemented by skip 
connection:

Through the aforementioned processing, the Static Spa-
tial Adapter not only maximizes the integration of spa-
tial information from EEG signals but also fully utilizes 

(1)Q =ProjQ(LN (D)).

(2)K =ProjK (LN (D)).

(3)V =ProjV (LN (D)).

(4)A =ProjO(softmax

(

Q · KT

√
k_dim

)

· V )

(5)S =LN (D)+ Dropout(A).

temporal information, thereby providing a more compre-
hensive and accurate feature representation for emotion 
recognition tasks.

3.3 � Temporal causal network
We introduce a Temporal Causal Network (TCN) spe-
cifically designed to handle EEG features with integrated 
spatial information. This network aims to capture the 
temporal causal relationships between encoded EEG 
spatial signals while further refining the spatial informa-
tion within individual time segments. The main structure 
of the TCN includes N serially connected Causal Units, 
with each sliding window’s features processed by a dedi-
cated Causal Unit.

For the Static Spatial Adapter output S with dimensions 
R
N×(C·F) , we divide it into N segments according to the 

sliding window dimensions, with each segment Si having 
dimensions RC·F . This method allows for a more com-
prehensive representation of the temporal complexity of 
EEG signals and provides a foundation for subsequent 
temporal causal relationship modeling.

To capture the temporal causal relationships of EEG 
signals and refine the spatial brain region information, we 
designed the Causal Unit. Each Causal Unit comprises a 
Gated Recurrent Unit(GRU Cell) and trainable neurons. 
Specifically, in the i-th Causal Unit, the EEG feature seg-
ment Si at the current time point is analyzed alongside 
the intermediate driving information from the previous 
time point, i.e., the hidden variable ht−1 from i − 1 . These 
are jointly encoded through the GRU Cell, producing the 
intermediate information ht at the current time point i:

Further causal relationship transformation Vi is achieved 
through a linear transformation and Tanh activation 
function:

Finally, the feature representation Ŝi incorporating tem-
poral causal relationships at this time point is calculated:

The output features of each Causal Unit are concatenated 
in the order of segmentation to obtain a feature represen-
tation E with dimensions RN×(C·F).

The Temporal Causal Network effectively captures the 
temporal dependencies and causal relationships between 
brain regions in EEG signals, thereby improving the accu-
racy of emotion recognition. This method not only han-
dles the complex temporal information of EEG signals 

(6)hi = GRU Cell(Si, ht−1).

(7)Vi = tanh(Linear(hi)).

(8)Ŝi = tanh(Vt + ht).

(9)E = concatenate(S1, ..., SN ).
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but also further encodes spatial information, significantly 
enhancing the precision of emotion recognition.

4 � Experiment and analysis
4.1 � Datasets
Extensive experiments are conducted on two commonly 
used emotion datasets, SEED [21] and SEED-V [7]. The 
SEED dataset includes EEG monitoring data and cor-
responding emotional labels (sad, happy, and neutral) 
from 15 subjects (seven males and eight females). Each 
subject completed three sessions, with each session com-
prising 15 trials, resulting in a total of 45 trials. Each trial 
included a 5 secs cue, a 4 mins movie clip, a 45-second 
self-assessment, and a 15-second rest period. Similarly, 
the SEED-V dataset was completed by 20 subjects (ten 
males and ten females), with each subject participating 
in three sessions totaling 45 trials. Each trial included a 
15 secs cue, a 2 to 4 mins movie clip, and a 15 or 30-sec-
ond self-assessment. The dataset includes EEG data, eye 
movement data, and corresponding labels for five emo-
tions (disgust, fear, sad, happy, and neutral).

Further analysis was conducted on the preprocessed 
EEG data provided by the dataset. Similar to the base-
line method, EEG segments of varying lengths were seg-
mented in reverse order using a 4-secs non-overlapping 
Hanning window. The 256-point Short-Time Fourier 
Transform (STFT) was then applied to calculate the DE 
features across five frequency domains(delta: 1–4 Hz, 
theta: 4–8 Hz, alpha: 8–14 Hz, beta: 14–31 Hz, gamma: 
31–49 Hz):

(10)h(X) = −
∫ +∞

−∞

1√
2πσ 2

e
− (x−µ)2

2σ2 log

(

1√
2πσ 2

e
− (x−µ)2

2σ2

)

dx = 1

2
log(2πeσ 2).

Notably, the results of every four sliding window 
calculations were concatenated in sequence. A detailed 
description of this process can be found in section 3.2.

4.2 � Baseline model and settings
We compared our experimental results with those of 
other state-of-the-art models, both single-modal and 
multi-modal, trained on the SEED and SEED-V data-
sets. The baseline models include SVM [22], DGCNN 
[23], RGNN [24], SOGNN [25], BFE-Net [26], and Mood 
Reader [10]. Specifically, the experimental model was 
built and deployed using the PyTorch framework, with 
the NVIDIA TITAN RTX GPU. In each experiment, 
the dataset was randomly divided into training and test-
ing sets in an 8:2 ratio. The model’s performance on the 
testing set was recorded for each training session, and 
the experimental results presented in this paper are the 
average performance metrics of multiple stable training 
models.

4.3 � Result
Table 1 shows the performance of the Emotion Preceptor 
and baseline models on the SEED and SEED-V datasets, 
along with annotations regarding the categories of data 
used. The results indicate that, based solely on EEG uni-
modal signals, the Emotion Preceptor trained on differ-
ent datasets consistently achieved superior performance 
in cross-subject emotion recognition tasks, with the 
highest classification accuracy for various emotions and 
excellent and stable classification standard deviations. 

Table 1  Subject-independent classification performance (Acc/Std%) on SEED and SEED-V, where SWC represents whether to 
combine DE features in sliding window order

“Bold” indicates the best performance

Method Modality SEED SEED-V

DE Feature  Raw EEG Eye Acc ↑ Std ↓ Acc ↑ Std ↓

w/o SWC  w SWC

SVM � 56.73  16.29  34.45 13.67

SVM � 70.23 10.42 56.49 12.51

DGCNN � 79.95  09.02  – –

RGNN � 85.30  06.72  66.28  16.71 

SOGNN � 86.81  05.79  74.53  07.90 

BFE-Net � 92.29  04.65  – –

Mood Reader � � 91.65 05.42 78.74 08.97

Mood Reader � � 93.12 04.75 84.36 05.23
Emotion Preceptor � 95.35 04.29 94.28 07.51
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Furthermore, our experiments further validate the effec-
tiveness of the data processing method that combines 
DE features calculated from continuous sliding windows 
in EEG-based cross-subject emotion recognition tasks, 
greatly advancing the development and deployment of 
EEG unimodal-based emotion recognition tasks in real-
world environments.

Figure  2 shows the experimental results of the 
classification accuracy and standard deviation of the 
model emotion preceptor for five emotions (disgust, 
fear, sadness, neutral, happy) in the cross-subject EEG 
emotion recognition task. The radar chart on the left 
displays the classification accuracy of each emotion 
with green lines. It can be seen from the figure that the 
accuracy of the model for all emotions is above 80%, 
with the highest accuracy for fear, approximately 99%. 
The radar chart on the right depicts the classification 
standard deviation for each emotion using blue lines, 
illustrating the model’s performance variability in 
recognizing different emotions. It can be observed that 

the standard deviation of the model for fear, neutral, and 
sadness emotions is relatively small, indicating stable 
performance. Similarly, the experimental results on the 
SEED dataset are shown in Fig.  3. Additionally, we also 
plotted the confusion matrix between the true emotions 
and the predicted results on SEED-V, as shown in Fig. 4. 
Overall, the above results strongly demonstrate the 
superior performance of the emotion preceptor in the 
cross-subject emotion recognition task.

4.4 � Interpretation
As shown in Fig. 5, part (a) displays the electrode posi-
tions for collecting EEG signals, while parts (b) to (e) and 
(f ) to (i) visualize the changes in two sets of EEG signals 
after processing by the Spatial Unit. In the first group 
(b) to (e), the EEG signals correspond to the emotion 
’fear’, with attention areas gradually concentrating in the 
prefrontal region, the right parietal and right parieto-
occipital regions, and the right central region, exhibiting 
high levels of activity. This further corroborates existing 

Fig. 2  The results of the emotion recognition classification task on the SEED-V dataset using Emotion Preceptor clearly illustrate the classification 
accuracy and corresponding standard deviations for the five emotions: Disgust, Fear, Sadness, Neutral, and Happiness

Fig. 3  The results of the emotion recognition classification task on the SEED dataset (Sad, Neutral, and Happy)
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neuroscience research, indicating that increased activity 
in the right prefrontal cortex is typically associated with 
emotion processing [27–29], particularly the regulation 
of negative emotions [30]. In contrast, the second group 
of EEG signals (f ) to (i) corresponding to the emotion 
’happy’ shows more focus on the frontal and left tempo-
ral regions, which also aligns with existing neuroscience 
research [31]. Additionally, since the right parietal and 
right parieto-occipital regions are usually associated with 
visuospatial processing, attention allocation, and visual 
information integration, this to some extent explains that 
the network captures information from visual-related 

regions for emotion recognition tasks, consistent with 
the SEED-V dataset’s video-based emotional stimuli.

4.5 � Ablation
To demonstrate the contribution of each module in the 
emotion preceptor to the emotion recognition task, 
we conducted detailed ablation experiments on the 
SEED-V dataset, showing the impact of different mod-
ule combinations on the final performance. The specific 
experimental results are annotated in Table  2, proving 
the effectiveness of our adopted multi-module combina-
tion architecture.

5 � Conclusion
This study proposes and validates a precise emotion rec-
ognition model based on unimodal EEG signals, termed 
Emotion Preceptor. By introducing a dedicated Static 
Spatial Adapter and a Temporal Causal Network, Emo-
tion Preceptor effectively captures and integrates spatial 
and causal temporal features in EEG signals, achieving 
superior performance in cross-subject emotion recogni-
tion tasks. Compared to studies leveraging multimodal 
signals for emotion recognition, our method achieves 
superior performance with fewer devices in more stream-
lined, real-world environments, while also demonstrating 
high efficiency in emotion classification. Furthermore, we 
conducted a detailed exploration of different stages of the 
model from the perspective of biological interpretability 
and validated it with high confidence from a neurosci-
ence perspective. This provides more references for the 
development of emotion recognition research based on 
EEG signals and creates more possibilities for detailed 
mechanistic research on brain signals such as EEG.

Fig. 4  The confusion matrix (%) calculated based on the predicted 
results of the Emotion Preceptor on the SEED-V dataset 
and the actual emotion labels in the dataset

Fig. 5  The distribution map of electrode positions, subplot (a), for the datasets used in the experiment is shown, along with the spatial aggregation 
changes and activation level changes of EEG features as processed by the Spatial Unit.The subplots (b to e) show the encoding changes in EEG 
signals corresponding to the emotion ’fear’, while subplots (f to i) correspond to ’happy’
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