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Abstract

:

Electroencephalogram (EEG)-based emotion recognition has garnered significant attention in brain–computer interface research and healthcare applications. While deep learning models have been extensively studied, most are designed for classification tasks and struggle to accurately predict continuous emotional scores in regression settings. In this paper, we introduce EEG-RegNet, a novel deep neural network tailored for precise emotional score prediction across the continuous valence–arousal–dominance (VAD) space. EEG-RegNet tackles two core challenges: extracting subject-independent, emotion-relevant EEG features and mapping these features to fine-grained, continuous emotional scores. The model leverages 2D convolutional neural networks (CNNs) for spatial feature extraction and a 1D CNN for temporal dynamics, providing robust spatiotemporal modeling. A key innovation is the hybrid loss function, which integrates mean squared error (MSE) and cross-entropy (CE) with a Bernoulli penalty to enhance probability estimation and address sparsity in the emotional space. Extensive experiments on the DEAP dataset show that EEG-RegNet achieves state-of-the-art results in continuous emotional score prediction and attains 95% accuracy in fine-grained emotion classification, highlighting its scalability and precision in emotion recognition.
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1. Introduction


Emotions are fundamental to human experience, deeply influencing decision-making, communication, and mental well-being [1]. Recognizing emotions is crucial in human–computer interaction (HCI), as it provides valuable feedback on users’ emotional states, thereby allowing systems to respond more intuitively and empathetically [2]. Furthermore, emotions are closely linked to mental health, often serving as indicators of conditions such as major depressive disorder (MDD) [3].



Recently, emotion recognition using electroencephalographic (EEG) signals has become a key focus in brain–computer interface and healthcare due to EEG’s ability to capture direct physiological measures of emotional states. Unlike non-physiological signals such as facial expressions or voice, which can be influenced by subjective control, EEG provides a more reliable insight into emotions, as it reflects neural activity in both cortical and subcortical regions of the brain [4,5]. Additionally, the non-invasive, cost-effective, and portable nature of EEG further enhances its appeal for emotion recognition applications [6].



Traditionally, researchers have extracted time–frequency features from EEG signals to identify emotion-related patterns [7,8,9]. While these methods help reduce noise and identify some emotional features, they often struggle with inter-subject variability. Emotional experiences are unique to each individual, and EEG patterns for similar emotional states can differ significantly across subjects. This variability complicates the development of models that are robust and generalizable for subject-independent emotion recognition.



Most existing EEG-based emotion recognition methods focus on simple classifications, such as binary categories (positive vs. negative) [10,11,12]. However, emotions are complex and cannot always be tidily classified into a few categories. To better understand the full spectrum of human emotions, more granular approaches are needed. Dimensional emotion recognition offers a promising alternative by predicting continuous emotional scores, typically represented in the valence–arousal–dominance (VAD) space. This multidimensional framework provides a more accurate and detailed representation of emotions, capturing subtle variations that categorical approaches often overlook [13].



Despite the promise of dimensional emotion recognition, existing methods face challenges in accurately predicting continuous emotional scores. Furthermore, traditional loss functions like mean squared error (MSE) often converge towards neutral emotional states (e.g., around five in each dimension of VAD space). This issue arises because MSE minimizes overall error, which biases the model toward central values even when target scores are uniformly distributed. Additionally, MSE struggles to capture the discrete, clustered nature of emotional scores, treating the data as a continuous distribution and overlooking the inherent structure in emotion datasets. This limitation results in predictions that lack the granularity required for precise emotion recognition.



To address these challenges, we propose EEG-RegNet, a novel deep learning model designed for precise emotional score prediction in the VAD space. For subject-independent emotion recognition, EEG-RegNet combines both spatial and temporal feature extraction by employing 2D convolutional neural networks (CNNs) to capture spatial relationships between EEG channels and a 1D CNN to model temporal dynamics over time. This combination allows for a more effective representation of EEG data.



A key innovation of EEG-RegNet is its hybrid loss function, which integrates cross-entropy (CE) loss with traditional MSE. The CE loss transforms the continuous emotional space into a sparse, more structured representation, guiding the model to better capture the discrete nature of the data while improving the accuracy of the regression process. Additionally, we introduce a Bernoulli penalty to increase the confidence of probability estimates for each emotional state, enhancing the model’s performance in both continuous score prediction and fine-grained classification tasks.



Experimental results on the DEAP dataset [14] demonstrate that EEG-RegNet outperforms existing approaches, achieving state-of-the-art performance in both predicting continuous emotional scores and classifying fine-grained emotional categories. This highlights the potential of EEG-RegNet to advance the field of emotion recognition by offering a more nuanced and precise understanding of human emotions.



	
We introduce EEG-RegNet, a novel deep learning model designed for emotion recognition from EEG signals. By combining 2D CNNs for spatial feature extraction and a 1D CNN for temporal dynamics, EEG-RegNet effectively captures both spatial and temporal relationships in EEG data, enhancing its representation in the VAD space.



	
We propose a hybrid loss function that integrates CE loss with MSE loss, effectively addressing the tendency of MSE to bias predictions toward neutral states and improving discriminability. Additionally, the Bernoulli penalty increases the confidence of probability estimates, further enhancing the model’s performance in both continuous score prediction and fine-grained emotional classification.



	
Experimental results demonstrate that EEG-RegNet achieves state-of-the-art performance on the DEAP dataset, outperforming existing approaches in predicting continuous emotional scores and classifying fine-grained emotional categories.







2. Related Work


EEG-based emotion recognition has garnered significant attention due to the direct relationship between EEG signals and emotional states, as well as its promising potential for applications in HCI and mental healthcare. Table 1 illustrates existing methods for emotion recognition using EEG signals, categorized by feature extraction methodologies and prediction granularity.



2.1. Hand-Crafted Features vs. Deep Features


Emotion recognition typically involves two main processes: feature extraction from raw EEG signals and classification using machine learning algorithms or deep neural networks. Feature extraction methods can be categorized into hand-crafted feature extraction and deep feature extraction. Hand-crafted features rely on manually designed algorithms, often requiring expert knowledge to extract meaningful patterns from EEG data. Commonly used hand-crafted features include differential entropy (DE) [15,16], power spectral density (PSD) [11,17,18], Hjorth’s parameters [17,19], wavelet features [19], and basic statistical measures such as mean and variance [11,19,20,21]. These features are frequently combined with traditional machine learning classifiers like support vector machines (SVM) and k-nearest neighbors (KNN). However, as shown in Table 1, methods relying solely on hand-crafted features generally yield lower performance compared with deep learning approaches, which can automatically learn complex patterns directly from the data. Additionally, hand-crafted features require specialized expertise, making them less adaptable for broader applications.





 





Table 1. The summary of classification-based approaches on the DEAP dataset.






Table 1. The summary of classification-based approaches on the DEAP dataset.





	
Papers

	
Features Type

	
Model

	
V

	
A

	
D

	
Recognition






	
Yin et al. [20]

	
Hand-crafted Features

	
LSSVM

	
67.97

	
65.10

	
-

	
High, Low




	
Du et al. [15]

	
Hand-crafted Features

	
ATDD-LSTM

	
69.06

	
72.97

	
-

	
High, Low




	
Li et al. [16]

	
Hand-crafted Features

	
CADD-DCCNN

	
69.45

	
70.50

	
-

	
High, Low




	
Mert and Akan [17]

	
Hand-crafted Features

	
ANN

	
72.87

	
75.00

	
-

	
High, Low




	
Ahmed et al. [21]

	
Hand-crafted Features

	
InvBase + MLP

	
91.5

	
92.1

	
-

	
High, Low




	
Celebi et al. [19]

	
Hand-crafted Features

	
CNN + BiLSTM + GRU + AT

	
90.57

	
90.59

	
-

	
High, Low




	
Xing et al. [22]

	
Deep Features

	
LSTM

	
81.10

	
74.38

	
-

	
High, Low




	
Jin and Kim [10]

	
Deep Features

	
E-EmoticonNet

	
93.09

	
93.69

	
-

	
High, Low




	
Chao et al. [18]

	
Hand-crafted Features

	
CapsNet

	
66.73

	
68.28

	
67.25

	
High, Low




	
Nawaz et al. [11]

	
Hand-crafted Features

	
SVM

	
77.62

	
78.96

	
77.60

	
High, Low




	
Liu et al. [23]

	
Deep Features

	
AP-CapsNet

	
62.71

	
63.51

	
64.00

	
High, Low




	
Hu et al. [24]

	
Deep Features

	
ScalingNet

	
71.88

	
71.80

	
73.67

	
High, Low




	
Wang et al. [12]

	
Deep Features

	
FLDNet

	
83.85

	
78.22

	
77.52

	
High, Low




	
Islam et al. [25]

	
Hand-crafted Features

	
CNN

	
78.22

	
74.92

	
-

	
High, Low




	
70.23

	
70.25

	
-

	
High, Neutral, Low




	
Kim and Choi [26]

	
Deep Features

	
CNN + Attention

	
90.10

	
88.30

	
-

	
High, Low




	
LSTM

	
86.90

	
84.10

	
-

	
High, Neutral, Low




	
Verma and Tiwary [27]

	
Hand-crafted Features

	
KNN

	
67.51

	
68.55

	
65.10

	
High, Neutral, Low








Model: LSSVM: Least Square Support Vector Machines, ATDD-LSTM: ATtention-based LSTM with Domain Discriminator, CADD-DCCNN: Cross-Attention-based Dilated Causal Convolutional Neural Network with Domain Discriminator, ANN: Artificial Neural Network, MLP: Multi-Layer Perceptron, CNN: Convolutional Neural Network, BiLSTM: Bidirectional Long-Short Term Memory, GRU: Gated Recurrent Unit, AT: self-ATtention, CapsNet: Capsule Network, SVM: Support Vector Machines, AP-CapsNet: Attention Mechanism and Pre-trained Convolutional Capsule Network, KNN: K-Nearest Neighbors.











In contrast, deep feature extraction methods leverage neural networks to learn relevant features during training, automating the feature extraction process. Studies such as [10,12,22,23,24,26] have demonstrated the effectiveness of deep learning models for extracting informative features from raw EEG signals without manual intervention. For deep neural network architectures, spatial information is typically captured through CNN-based methods [10,26], while temporal information is captured using either CNN or recurrent neural network (RNN)-based methods [12,22,26].




2.2. Classification vs. Score Estimation


Previous research [10,15,16,17,19,20,21,22] has predominantly treated emotion recognition as a binary classification task, categorizing emotions into simple “high” or “low” states. While this binary approach simplifies the classification task, it risks oversimplifying the complex spectrum of human emotions, potentially overlooking important nuances and limiting the model’s applicability in real-world scenarios. Recognizing the limitations of binary classification, fine-grained emotion recognition methods have emerged to capture a wider range of emotional states. Some studies [11,12,18,23,24] have adopted ternary classification schemes that include “high”, “neutral”, and “low” states to better reflect the continuum of emotional experiences. In addition to classification-based approaches, regression-based methods have been explored to predict continuous emotional scores, providing a more precise and detailed understanding of emotional states. For instance, Galvão et al. [28] proposed a regression-based framework for EEG-based emotion recognition, aiming to capture the exact emotional states. However, achieving high precision with regression-based methods remains challenging due to the complexity of EEG signals and the subtlety of emotional responses [28,29,30].



Furthermore, some studies [11,12,18,23,24,27] have considered the dominance dimension in addition to valence and arousal, providing a more comprehensive emotional representation. The dominance dimension, representing the degree of control perceived in an emotional state, allows models to distinguish emotions with similar valence and arousal levels but different control characteristics.



Building on these insights, our proposed EEG-RegNet employs a regression-based model to predict continuous VAD emotional space, focusing on both precision and discriminability. This allows EEG-RegNet to excel in fine-grained emotion recognition, offering high-resolution insights into emotional states, even in complex scenarios.





3. Methods


Our goal is to precisely recognize emotional states using EEG signals within a continuous VAD space, thereby enhancing the discrimination of subtle emotional nuances. EEG-RegNet achieves this by extracting spatiotemporal features from EEG signals and employing a regressive emotion prediction process. The detailed emotion recognition procedure is illustrated in Figure 1. The first step involves preprocessing the EEG signals to eliminate subjectivity and reconstruct spatial information. The second step extracts spatiotemporal features by modeling the relationships between electrodes along the temporal sequence, and the final step estimates the emotional scores through a two-stage recognition process. Before delving into the model architecture, we first outline the preprocessing utilized to prepare the EEG signals for analysis.



3.1. Preprocessing


We preprocess raw EEG signals to reduce data volume, eliminate subjectivity, and reconstruct spatial information. The signals are segmented into one-second windows with a half-second hop length, consistent with our previous work [10], to ensure uniformity and maintain the temporal resolution necessary for capturing emotional variations. This segmentation length not only expands the dataset size but also accelerates the prediction cycle. Additionally, we perform element-wise subtraction of the corresponding basemean for each signal segment to eliminate subjectivity. The base signal is recorded before each trial, and the basemean is calculated by averaging three one-second segments from the base signals for each channel. Subsequently, we reconstruct spatial information by organizing the channels into a two-dimensional matrix aligned with the electrode locations to consider the distinctive roles of the brain lobes and the significance of electrode locations.




3.2. Spatiotemporal Feature Extraction


EEG-RegNet, building on our previous model [10], is designed to extract subject-independent features from EEG signals for emotion recognition by leveraging spatiotemporal modeling. As illustrated in Figure 2, the process starts by extracting spatial features from the preprocessed EEG signals, focusing on the positional relationships among electrodes using a three-layer 2D CNN. To improve computational efficiency, the standard 2D convolutional layers are replaced with a combination of depth-wise and point-wise convolutions [31], which reduces redundancy and accelerates processing. Additionally, to further optimize the model, all spatial convolutional layers share parameters across frames. Temporal information is then processed through a 1D CNN with a full-length kernel spanning the entire temporal dimension. This design enables the model to capture global temporal dependencies across the entire sequence. The output is then normalized to prepare the features for accurate emotional score prediction. The detailed model architecture including filter sizes, output shape, and options, is described in Table 2. Through this spatiotemporal feature extraction (f), the feature vector   z ∈  R 128    is obtained from the preprocessed EEG input x as follows:


   (  z v  ,  z a  ,  z d  )  =  (  f v   ( x )  ,  f a   ( x )  ,  f d   ( x )  )   .  



(1)








3.3. Regressive Emotion Recognition


EEG-RegNet leverages spatiotemporal features from EEG signals to introduce a novel approach for emotional score prediction, moving beyond traditional regression methods. In the DEAP dataset, emotional scores are recorded on a continuous scale but are typically clustered around integer values from 1 to 9. Instead of directly predicting the score, we implement a two-stage recognition process, as outlined in Algorithm 1. In the first stage (g), EEG-RegNet generates probabilities   ( p =   {  p i  }   i = 1  9  )   over each integer score, offering a preliminary estimate of the emotional status. In the second stage (h), these probabilities are used to compute more precise emotional scores (  e = ( v , a , d )  ) within the three-dimensional VAD space, where each dimension ranges from 1 to 9. Without specifying the axis, p and s represent the predictions during the first and second stages, respectively. The process is mathematically outlined as follows:


  e =  ( v , a , d )  = (  h v   (  g v   (  z v  )  )  ,  h a   (  g a   (  z a  )  )  ,  h d   (  g d   (  z d  )  )  )  ,  



(2)






  p = g  ( z )  = g  ( f  ( x )  )  ,  p ∈  R 9   ,  



(3)






  s = h  ( p )  = h  ( g  ( f  ( x )  )  )  ,  s ∈  R 1   .  



(4)










	Algorithm 1 Pseudo-code for training EEG-RegNet.



	
	
while Training do



	
      / /   Spatiotemporal feature extraction



	
      z ← f ( x )  



	
      / /   Regressive emotion recognition



	
      / /   1st stage: Predict probability over each integer score



	
      p ← g ( z )  



	
      / /   2nd stage: Compute corresponding continuous emotional score



	
    for   i = 1  do    / /   Regulate the probability using the Bernoulli Penalty



	
           p i *  ←  p i  − λ  ( 1 −  p i  )   p i   



	
    end for



	
      s ← h  (  p *  )  = min  ( max  ( E  (  p *  )  , 1 )  , 9 )   



	
      / /   Update the model



	
      l o s s ← τ · M S E  ( y , s )  +  ( 1 − τ )  · C E  (  y →  , p )   



	
    Update the weights



	
end while













3.3.1. Hybrid Loss


To address the limitations of conventional MSE loss, which often causes predictions to converge toward the dataset’s average, we propose a hybrid loss function. MSE tends to blur distinctions between subtle emotional states, especially at the extremes of the emotional spectrum. To counteract this issue, we incorporate CE loss, inspired by its use in the computer vision domain [32]. In the first stage, CE constrains the prediction range, allowing the model to maintain distinct emotional states and preventing the convergence toward average values. In the second stage, MSE fine-tunes the precision of the predicted emotional scores. This combined loss function ensures both accurate classification in the initial stage and precise regression in the second. The respective loss functions and the combined loss are defined in Equations (5)–(7). Here, y denotes the true emotional score, ranging from 1 to 9 as a real number, and   y →   represents the one-hot-encoded label for the true integer score. The integration of both losses is controlled by the constant  τ , which regulates the influence of each component. We set  τ  to 0.5 as the default to balance the effects of both losses. Further details on the impact of varying  τ  values are discussed in Section 4.4.


  M S E  ( y , s )  =   ( y − s )  2   ,  



(5)








   C E  (  y →  , p )  = −  ∑  i = 1  9   y →  log  p i   ,   



(6)






    L  T o t a l   = τ · M S E  ( y , s )  +  ( 1 − τ )  · C E  (  y →  , p )  ,  0 ≤ τ ≤ 1  .   



(7)






3.3.2. Bernoulli Penalty


Although the hybrid loss enhances accuracy, challenges remain in seamlessly bridging the two recognition stages. Indecisive probabilities, especially those near 0.5, can lead to inconsistencies between the estimated probabilities and the predicted scores. To mitigate this issue, we introduce a Bernoulli penalty. This penalty uses the variance of the Bernoulli distribution for each integer score, peaking when the probability is most uncertain (around 0.5). By incorporating this penalty (Equation (8)), we can adjust the connection between the two stages with a trainable parameter  λ  that controls the degree of penalization. This allows for flexible adaptation based on the characteristics of the emotional axis, enhancing the overall robustness and adaptability of EEG-RegNet in predicting emotional scores. The penalized score is calculated and clipped as shown in Equation (9).


   p i *  =  p i  − λ  ( 1 −  p i  )   p i   ,  



(8)








   h  ( p )  = min  ( max  ( E  (  p *  )  , 1 )  , 9 )   .   



(9)








4. Experiments


4.1. Experimental Settings


We evaluate the performance of EEG-RegNet in predicting emotional scores using a subject-independent approach with five-fold cross-validation. The model’s performance is compared with existing methods for dimensional emotion recognition and fine-grained classification. The Root Mean Squared Error (RMSE) is used as the evaluation metric for emotional score prediction, while classification accuracy is reported for ternary scenarios (positive, neutral, negative) to further validate the model’s discriminability.



4.1.1. Dataset


The DEAP dataset was selected as our benchmark due to its comprehensive emotion labeling, making it well suited for evaluating our method. The dataset contains EEG recordings from 32 subjects, each of whom watched 40 music videos, each lasting 60 s. Additionally, each data entry includes a three-second EEG recording taken before video viewing, without any external stimuli. After watching the videos, subjects rated their emotional states on a continuous scale from 1 to 9, measuring valence, arousal, and dominance using the Self-Assessment Manikin [33].



In the DEAP dataset, EEG signals were recorded at a sampling rate of 512 Hz using 32 active AgCl electrodes, which were placed according to the international 10–20 system. Additionally, the dataset offers this 32-channel EEG data downsampled to 128 Hz and bandpass filtered within a frequency range of 4.0–45.0 Hz. For our analysis, we utilize the downsampled and filtered EEG data.




4.1.2. Implementation Details


All experiments were conducted using the PyTorch framework. The models were trained for 50 epochs using the Adam optimizer with a learning rate of 5 × 10−4 and a weight decay of 1 × 10−4. A batch size of 128 was used for training.





4.2. Continuous VAD Emotion Space


We evaluate emotions within the continuous VAD space, which provides a richer, more nuanced representation of emotional states. Valence reflects the positivity or negativity of the emotion, arousal measures the intensity, and dominance represents the degree of control perceived during the emotional experience. While most existing EEG-based emotion recognition research [10,11,12,15,16,17,18,19,20,21,22,23,24] relies solely on Russell’s valence–arousal (VA) model [34] (Figure 3a), the inclusion of the dominance axis, as proposed by Mehrabian [35] (Figure 3b), offers a more comprehensive framework for understanding emotions [25,26,27]. Additionally, Verma and Tiwary [27] emphasized the significance of the dominance dimension, noting that its absence can lead to ambiguity when valence and arousal levels are similar. For example, in VA space, emotions such as “anxious” and “angry” may be indistinguishable, as both share similar valence and arousal but differ in perceived control. By employing the full VAD model, EEG-RegNet is designed to capture the finer details and subtle variations in emotional states, enhancing both predictive accuracy and interpretability.




4.3. Experimental Results


4.3.1. Main Results


Table 3 illustrates the superior performance of EEG-RegNet in predicting emotional scores across the VAD space, particularly in terms of RMSE. Compared with the three other methods, EEG-RegNet consistently achieves the lowest RMSE on all three emotional axes, demonstrating its precision in capturing continuous emotional states. Previous approaches, such as Galvão et al. [28], have highlighted the importance of recognizing exact emotions but have often struggled to differentiate subtle emotional nuances. In contrast, EEG-RegNet excels in this regard, delivering significantly lower RMSE values, particularly in the dominance axis, which many models overlook or underperform. The inclusion of the dominance dimension enables a more comprehensive emotional analysis. This highlights EEG-RegNet’s advanced ability to handle complex emotional dynamics with greater accuracy.



In Table 4, EEG-RegNet also outperforms prior methods [25,26,27] in ternary classification, achieving higher discriminability across the valence, arousal, and dominance axes. While previous models expanded classifications from binary to ternary in an attempt to capture nuanced emotions, EEG-RegNet surpasses them in accuracy and robustness.



These improvements stem from our novel loss function that integrates CE and MSE losses. The CE component enhances the model’s ability to differentiate subtle emotional states, preventing predictions from converging toward average values—a common issue in MSE-based models. The addition of the Bernoulli penalty further strengthens the model’s adaptability, allowing EEG-RegNet to effectively map the continuous VAD space and handle a wider range of emotional states. This combination of losses provides scalability and precision, making EEG-RegNet a leading model for emotion recognition.




4.3.2. Incremental Performance Gains


We conduct experiments using baseline models that rely solely on MSE loss. From the baseline, we systematically incorporate CE loss and the Bernoulli penalty to assess their individual and combined impacts. As shown in Table 5, each component progressively improves the accuracy of emotional score prediction. Specifically, the integration of CE loss significantly boosts precision by addressing the limitations of MSE. Moreover, the Bernoulli penalty further enhances the model’s adaptability to various emotional axes, ensuring that nuanced emotional states are accurately predicted across different scales. Notably, the baseline model shows a marked reduction in discriminability as the number of classes increases. For nonary (nine-class) emotion categories, it fails to distinguish detailed emotional variations. In contrast, the inclusion of both CE loss and the Bernoulli penalty maintains discriminability across all classification levels, even in nonary classification.



Figure 4 further underscores the superior discriminability of EEG-RegNet in identifying detailed emotional states. The model achieves exceptional true positive rates across all emotional categories, including those at the extremes, effectively avoiding bias toward neutral states. This demonstrates EEG-RegNet’s ability to handle diverse emotional categories while maintaining high accuracy, even when distinguishing finer-grained emotional variations.



Figure 5 illustrates the trade-off between MSE and CE losses in the hybrid loss function by adjusting the parameter  τ . This figure reveals a clear balance between RMSE for emotional score predictions and classification error rates for nonary categories. As the proportion of MSE increases, the model’s precision in predicting emotional scores improves. On the other hand, increasing the influence of CE loss enhances the model’s performance in fine-grained, nonary classification. Through experimentation, we found that setting  τ  to 0.5 optimizes the model’s performance, offering a balanced trade-off between score prediction accuracy and discriminability across classifications.





4.4. Trade-Off Between MSE and CE


The hybrid loss function in EEG-RegNet is regulated by the hyperparameter  τ , which adjusts the balance between MSE and CE loss. As shown in Table 6 and Table 7, when the value of  τ  is high, particularly at   τ = 1.00  , the model prioritizes MSE loss, leading to lower RMSE values across valence, arousal, and dominance in emotional score prediction. This demonstrates that MSE is effective at improving the precision of continuous score prediction, with the model better able to capture the overall trends in emotional intensity. However, this improvement in score prediction comes with a decrease in classification accuracy, as shown in Table 7. The model struggles to differentiate between finer emotional categories, with accuracy levels noticeably lower at   τ = 1.00  . This pattern indicates that while MSE excels in predicting continuous scores, it is insufficient for tasks requiring detailed emotional classification.



Conversely, as  τ  decreases (i.e., the influence of CE loss increases), the model’s classification accuracy significantly improves, particularly for nonary classification, as seen in Table 7. At   τ = 0.00  , the model achieves its highest accuracy across all emotional dimensions, showing its effectiveness at distinguishing fine-grained emotional categories. However, this improvement in classification accuracy comes with a trade-off in RMSE, as shown in Table 6. The increase in RMSE values at lower  τ  suggests that while CE loss helps with classification, it leads to a less precise prediction of continuous emotional scores. This reflects the inherent tension between optimizing for regression tasks and classification tasks.



Taking these trade-offs into account, setting   τ = 0.5   offers the most balanced performance between emotional score prediction and classification accuracy. As seen in both Table 6 and Table 7, this value of  τ  provides a reasonable RMSE for continuous score prediction while also achieving strong classification accuracy. Figure 5 summarizes these trade-offs, illustrating how   τ = 0.5   effectively balances the model’s dual objectives. This suggests that   τ = 0.5   is an optimal choice when both accurate continuous emotion prediction and fine-grained emotional classification are required, making it the most suitable for scenarios involving multi-task emotion recognition.




4.5. Qualitative Results


To further assess the qualitative performance of EEG-RegNet, we compare the distribution of predictions between the baseline model and our proposed method on the DEAP dataset. Figure 6 illustrates a clear distinction between the predictions generated by the baseline model and those produced by EEG-RegNet across valence, arousal, and dominance. The baseline model, which relies solely on MSE loss, tends to converge towards neutral emotional states, as evident in Figure 6a. This behavior is a direct consequence of the sparsity in emotional data within the DEAP dataset, where true labels are often clustered around certain points, particularly near the center of each dimension. As a result, the baseline model often fails to capture the full range of emotional diversity, causing predictions to accumulate around the neutral region (approximately 5 in each dimension of VAD), thereby reducing its discriminative power.



In contrast, EEG-RegNet, which employs a hybrid loss function combining MSE with CE loss, demonstrates more effective handling of the sparsity in emotional data. As shown in Figure 6b, EEG-RegNet’s predictions are more evenly distributed across the entire emotional space, avoiding the bias toward neutral states. This is achieved by transforming the continuous emotional space into discrete intervals, which helps the model better capture emotional variations and prevents it from collapsing toward average values. The hybrid loss encourages the model to maintain a fine balance between regression and classification tasks, resulting in a more nuanced understanding of emotional states.





5. Discussion


EEG-RegNet contributes significantly to two key aspects of EEG-based emotion recognition. First, unlike the predominant trend in this field, which often categorizes emotions into binary classes for each dimension [10,11,12,15,16,17,18,19,20,21,22,23,24], we focus on continuous score prediction to recognize emotional states in a more nuanced manner. Traditional binary classifications oversimplify the complexity of emotions, limiting their applicability in real-world scenarios. In contrast, EEG-RegNet operates in the continuous VAD space, capturing subtle emotional differences and providing a more detailed understanding of emotional states. The model’s superior prediction accuracy, particularly in fine-grained classification scenarios, highlights its discriminability and demonstrates its potential for enabling more sensitive and precise HCI systems compared with traditional methods.



Second, EEG-RegNet introduces a distinctive approach to dimensional emotion recognition by focusing on deep feature extraction and a two-stage recognition process. Existing dimensional methods often rely on feature selection techniques, such as hand-crafted features, electrode selection, or specific frequency bands, which require extensive expert knowledge to extract meaningful patterns from EEG data [28,29,30]. By contrast, EEG-RegNet leverages a convolutional architecture to automatically extract spatiotemporal features, streamlining the process. Additionally, the two-stage recognition process significantly improves prediction accuracy by mitigating convergence toward neutral states, which commonly occurs with MSE loss. The model’s notably lower RMSE compared with existing approaches enhances its prediction granularity, even at an integer level, demonstrating its effectiveness in advancing the field of continuous emotion recognition.



Section 4.4 further underscores the interpretability of the hybrid loss function. The results reveal a clear trade-off between MSE and CE losses: MSE primarily enhances score prediction accuracy, while CE improves discriminability. This balance validates the rationale behind our two-stage recognition process, which integrates CE into MSE to prevent bias toward neutral states while improving fine-grained emotion predictions.



Despite its strengths, EEG-RegNet has certain limitations in its current form. The network architecture, optimized for one-second EEG segments, may require modifications to accommodate longer recordings or tasks with more complex temporal dependencies. Specifically, the use of a 1D CNN was chosen to maintain a lightweight design and effectively model global temporal dependencies over short durations without relying on RNNs. However, longer sequences might necessitate more complex architectures, such as long short-term memory (LSTM) [36] or gated recurrent unit (GRU) [37], to capture detailed temporal dynamics. Furthermore, the model’s evaluation has been limited to the DEAP dataset, which, although widely used, does not fully represent real-world scenarios. Future evaluations on diverse datasets will be crucial to establishing the model’s robustness and generalizability.



For future work, we aim to explore the scalability of EEG-RegNet’s two-stage recognition process across various domains. Beyond emotion recognition, the model’s scoring and classification capabilities could be extended to medical applications, such as Alzheimer’s Disease (AD) diagnosis through MMSE score prediction [38,39] or MDD diagnosis via PHQ-8 score prediction [40]. Additionally, the methodology’s versatility lies in its ability to seamlessly integrate classification and regression techniques across diverse tasks and data types, including EEG signals, speech, video, and text. This scalability highlights the broader potential of EEG-RegNet, making it a promising tool for both medical and non-medical domains.




6. Conclusions


In this paper, we present EEG-RegNet, a model designed for emotion recognition in the continuous VAD space. Our model introduces two key innovations: spatiotemporal modeling of EEG signals and a two-stage recognition process. The spatiotemporal features are extracted using convolutional architectures, and emotional scores are predicted in two stages. First, a preliminary score spectrum is generated with CE loss, followed by score refinement through MSE loss for enhanced precision. Additionally, a Bernoulli penalty is integrated into the hybrid loss, improving adaptability across emotional axes. By leveraging the VAD space, EEG-RegNet captures subtle emotional nuances. Our experiments on the DEAP dataset show that EEG-RegNet outperforms existing approaches in both prediction accuracy and fine-grained emotion classification, highlighting its strength in nuanced emotion recognition using EEG signals. For future work, we aim to explore the scalability of EEG-RegNet’s two-stage recognition process across various medical domains to enhance diagnostic accuracy and broaden its applicability.
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Figure 1. Overview of EEG-RegNet’s emotion recognition processes, including preprocessing, spatiotemporal feature extraction, and regressive emotion recognition. 
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Figure 2. Detailed framework of EEG-RegNet, illustrating the internal architecture for spatiotemporal feature extraction and the two-stage regressive emotion recognition process. 
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Figure 3. Emotional spaces for representing emotions. (a) Russell’s valence–arousal space, and (b) Mehrabian’s valence–arousal–dominance space. 
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Figure 4. Confusion matrix of EEG-RegNet predictions for nonary emotion classification across valence, arousal, and dominance dimensions on the DEAP dataset. 
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Figure 5. Impact of hybrid loss balance: (a) Average RMSE for emotional score prediction; (b) Average error rates for fine-grained nonary classification across valence, arousal, and dominance as  τ  values vary. 
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Figure 6. Probability distribution for emotional score prediction across valence, arousal, and dominance on the DEAP dataset: (a) Baseline predictions using only MSE loss; (b) Predictions generated by EEG-RegNet using hybrid loss. 
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Table 2. The model architecture of EEG-RegNet.
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	Layer
	#. of Filters
	Filter Size
	Output Size
	Activation
	Options





	Input
	
	
	   128 × 1 × 9 × 9   
	
	



	Depthwise 1
	1
	   5 × 5   
	   128 × 1 × 7 × 7   
	
	Padding = 1



	Pointwise 1
	32
	   1 × 1   
	   128 × 32 × 7 × 7   
	ELU
	BatchNorm



	Depthwise 2
	32
	   5 × 5   
	   128 × 32 × 5 × 5   
	
	Padding = 1



	Pointwise 2
	64
	   32 × 1   
	   128 × 64 × 5 × 5   
	ELU
	BatchNorm



	Depthwise 3
	64
	   5 × 5   
	   128 × 64 × 3 × 3   
	
	Padding = 1



	Pointwise 3
	128
	   64 × 1   
	   128 × 128 × 3 × 3   
	ELU
	BatchNorm



	Flatten
	
	
	   128 × 1152   
	
	



	1D CNN
	128
	   128 × 1152   
	128
	ELU
	Padding = 0



	Normalization
	
	
	128
	
	



	Fully Connected 1
	
	
	128
	ELU
	



	Fully Connected 2
	
	
	128
	ELU
	



	Fully Connected 3
	
	
	9
	SoftMax
	



	Expectation
	
	
	1
	
	Bernoulli Penalty







Output Size: Length × Channel × Height × Width.













 





Table 3. Performance comparison for dimensional emotion recognition on DEAP dataset, evaluated using RMSE.
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	Method
	Valence
	Arousal
	Dominance





	Al-Fahad et al. [29]
	1.40
	1.23
	1.24



	Galvão et al. [28]
	1.376 *
	1.304 *
	-



	Garg et al. [30]
	1.902
	1.769
	-



	EEG-RegNet
	0.628
	0.567
	0.544







* De-normalized to the original scale as ours; Bolded number denotes the best performance.













 





Table 4. Performance comparison for fine-grained emotion classification on DEAP dataset, evaluated using accuracy (%).
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	Method
	Valence
	Arousal
	Dominance





	Verma and Tiwary [27]
	63.47
	69.62
	63.57



	Islam et al. [25]
	70.23
	70.25
	-



	Kim and Choi [26]
	86.90
	84.10
	-



	EEG-RegNet
	94.90
	94.70
	95.60










 





Table 5. Incremental performance improvements for scalable emotion recognition on the DEAP dataset.
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Method

	
Valence

	
Arousal

	
Dominance






	
Emotional Score Prediction (RMSE)




	
Baseline (MSE Loss)

	
2.029

	
1.912

	
1.930




	
+ CE Loss

	
0.632 (−1.397)

	
0.584 (−1.328)

	
0.549 (−1.381)




	
 + Bernoulli Penalty

	
0.628 (−0.004)

	
0.567 (−0.017)

	
0.544 (−0.005)




	
Ternary Emotion Classification (%)




	
Baseline (MSE Loss)

	
40.25

	
45.30

	
46.52




	
+ CE Loss

	
94.82 (+54.57)

	
94.50 (+49.20)

	
95.51 (+48.99)




	
 + Bernoulli Penalty

	
94.90 (+0.08)

	
94.70 (+0.20)

	
95.60 (+0.09)




	
Nonary Emotion Classification (%)




	
Baseline (MSE Loss)

	
16.81

	
16.23

	
19.27




	
+ CE Loss

	
94.35 (+77.54)

	
94.58 (+78.35)

	
94.83 (+75.56)




	
 + Bernoulli Penalty

	
94.35 (±0.00)

	
94.83 (+0.25)

	
94.98 (+0.15)











 





Table 6. RMSE values for emotional score prediction across valence, arousal, and dominance with varying  τ  values in the hybrid loss.
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	   τ   
	Valence
	Arousal
	Dominance





	1.00
	0.587
	0.509
	0.493



	0.75
	0.616
	0.566
	0.537



	0.50
	0.628
	0.567
	0.544



	0.25
	0.646
	0.580
	0.574



	0.00
	0.670
	0.608
	0.594










 





Table 7. Accuracies for nonary emotion classification across valence, arousal, and dominance with varying  τ  values in the hybrid loss.
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	   τ   
	Valence
	Arousal
	Dominance





	1.00
	86.76
	87.49
	87.55



	0.75
	93.92
	94.36
	94.42



	0.50
	94.35
	94.83
	94.98



	0.25
	94.66
	95.01
	94.98



	0.00
	94.74
	95.15
	95.12
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