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Abstract 

Emotion recognition based on physiological activity has become a vital component of affective 
computing and human–machine interaction. Electroencephalography (EEG) offers direct neural 
insight into emotional processing but suffers from noise sensitivity, motion artifacts, and high 
inter-subject variability. Peripheral physiological signals such as electrocardiography (ECG), 
galvanic skin response (GSR), photoplethysmography (PPG), and respiration provide stable 
indicators of autonomic changes but lack the specificity necessary for distinguishing subtle 
emotional states. Multimodal fusion has emerged as a promising solution by integrating 
complementary bio signals to build more reliable and generalizable affect-recognition models. 
This study presents a comprehensive review of multimodal EEG–physiology fusion systems, 
examining fusion strategies, representation-learning approaches, robustness challenges, and 
cross-subject generalization. Evidence from recent literature shows that unimodal EEG systems 
typically achieve 60–72% accuracy, while multimodal fusion methods reach 82–90%, and 
advanced hybrid deep-fusion architectures exceed 92% in subject-independent evaluations. Key 
limitations persist, including heterogeneous feature spaces, misaligned modalities, sensor noise, 
and dataset inconsistencies. The synthesis identifies hybrid deep-learning fusion as the most 
resilient and effective strategy, establishing multimodal physiological learning as a foundational 
pathway toward future real-time, noise-robust, and generalizable emotion-recognition 
technologies. 
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1. Introduction 

Automatic detection of the human emotional conditions is one of the key conditions of the next 
generation of intelligent systems especially in health care monitoring, adaptive learning systems 
and human computer interaction (HSI). Although classical models of emotion recognition have 
mainly focused on behavioural signals (e.g. facial expressions and speech patterns) visible to the 
eyes, these modes of expression are inherently constrained as they can be subject to voluntary 
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suppression and social masking. There has therefore been a shift in the direction of the field 
where physiological signal analysis is offered as an objective, continuous measure of an affective 
condition based on internal biological activities. Compared to external expressions of emotion, 
physiological expressions are controlled by both the central and autonomic nervous systems, 
giving it a good ground truth, which cannot be consciously controlled by a subject, which makes 
it more valid in high-stakes applications such as mental health assessment and fatigue in driving 
[1]. 

Electroencephalography (EEG) is a key portal into the central nervous system (CNS), which 
records sustained neural activity of high frequencies related to cognitive functioning and the 
process of emotional regulation. It is temporally highly resolved and can process fast affective 
variations that are not detected by slower physiological sources. Nevertheless, there exist several 
constraints to practical EEG-based emotion recognition that lie in the fact that EEG signals are 
highly non-stationary, prone to muscle artifacts, eye movement, and environmental noise, and the 
large inter-subject variability, which inhibits the performance of traditional classifiers on 
unknown subjects and blocks cross-subject generalization [2]. Simultaneously, peripheral 
autonomic monitors like electrocardiography (ECG), galvanic skin response (GSR), and 
respiration are more stable measures of stress and arousal but fail to differentiate between arousal 
similar but valence different emotions, like anger and excitement [3]. To overcome such 
drawbacks, multimodal fusion methods have become popular, which unites the high-

temporization of EEG with the complementary, strong information of peripheral signals to 
comprehensively represent the emotional states. Other more recent developments that include 
hybrid fusion models, attention, and transformer models, also increase the classification accuracy 
and robustness even in the case of sensor failure or a partial signal loss [4]. 

Over the past decade, multimodal emotion recognition has advanced considerably, particularly 
through the integration of EEG with peripheral physiological signals. Combining neural and 
autonomic information consistently improves performance compared to unimodal approaches. 
For example, Li et al. achieved high dimensional accuracy on the DEAP dataset (95.89% 
arousal, 94.99% valence) by modeling cross-modal correlations and heterogeneity within deep 
networks [5]. Deep learning strategies, including EEG signal reconstruction and extraction of 
time-, frequency and time-frequency features from EEG, ECG, and PPG, have further enhanced 
classification, achieving up to 96.12% binary and 94.25% multiclass accuracy in naturalistic 
emotion tasks. Parallel fusion models employing graph convolution and recurrent architectures 
effectively integrate EEG functional connectivity with ECG temporal dynamics, outperforming 
baseline methods on DREAMER [6]. Attention-based hybrid models, such as Att-1DCNN-GRU, 
demonstrate improved generalization, with valence estimation reaching 95.95% on DREAMER 
and comparable results on DEAP [7]. Classical machine-learning approaches, including SVM, 
decision trees, and KNN, also show enhanced fusion performance over single modalities [8]. 
Recent trends favor learned cross-modal representations over handcrafted features, with 
transformer and attention-based models capturing complex interdependencies between EEG and 
peripheral signals [9]. Concurrently, the development of multimodal datasets incorporating EEG, 
GSR, PPG, facial video, and subjective ratings facilitates evaluation and generalization. Overall, 
integrating EEG specificity with peripheral robustness through multimodal fusion offers 
enhanced emotion classification, stability, and practical applicability [10, 11]. 



However, not all of these methodology improvements resolve several issues, such as the 
coordination of asynchronous streams of data, the explainability of complex deep fusions, and 
the lack of frameworks that can theoretically work with missing information in real-time. The 
current paper analyzes how fusion strategies have changed, their usefulness in rejecting noise 
and inter-subject variability. This study combines the results of large datasets like the DEAP [12] 
and SEED [13] and points to the major trends in architectural design and builds a roadmap to 
support the creation of more adaptive, noise-tolerant, and interpretable affective computing 
systems [5]. 

2. METHODOLOGY 

This article introduces a multimodal theory of emotion recognition that combines 
electroencephalographic, with peripheral physiological data by the use of machine learning 
strategies of fusion. The new methodology will have the complementary nature of neural and 
autonomic responses to harness and increase the accuracy of emotion classification, resistance to 
noise, and cross-subjects generalization. The general pipeline is formed by the data acquisition, 
pre-processing, feature extraction, multimodal fusion, and classification and performance 
evaluation. As shown in figure 1 

 

 

Figure 1 Methodological flowchart illustrating the complete multimodal emotion-recognition 

pipeline from signal acquisition to model evaluation. 
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Dataset and Feature Extraction  
A. DEAP dataset and Data Pre-processing. 

The experiment was conducted on the DEAP dataset [12], designed by a group of researchers at 
Queen Mary University of London, a large open source dataset of physical cues and emotional 
judgments. In its induced EEG, ECG, EMG, data collection experiment and other bioelectrical 
signals were noted and recorded as 32 participants were viewing 40 music videos and various 
emotional inclinations, some half an hour or so each video. The subjects rated the videos after 
that on a scale of 1-9 in relation to Arousal, Valence, Liking, Dominance and Familiarity. The 
rating score between small and large indicated that the indices were negative through positive, 
respectively. Weak to strong, respectively. The 40 videos of stimuli were used. There were 20 
high valence/arousal and 20 low valence/arousal stimuli. The first 32-channel EEG was used in 
this paper. Signals in DEAP dataset that had been pre-processed by down-sampling to 128 Hz, 
band-pass 4-45Hz, withdrawing the common average and eliminating ocular artifacts by blind 
source separation algorithms. The duration of the EEG signals processed by the denoising 
algorithm take 63-s, 60-s each trail. One of the totals has a watching before watch and 3-s video 
watching of 8,064 readings for each channel. 
 

B. Feature Extraction  
Extraction of features is a central step in multimodal emotion recognition systems since it allows 
the transformation of the raw physiological data to a small and discrimination representation. 
The frequency-domain analysis is largely used in EEG-based emotion recognition because it has 
a high neurophysiological interpretation, and it is more or less robust to signal non-stationary. 
Power Spectral Density (PSD) estimation is the most popular frequency-domain estimate used to 
describe emotion related neural oscillations. 
Given a discrete EEG signal x (n) of length N, the PSD at frequency f is commonly estimated 
using the Discrete Fourier Transform (DFT) as: 
 𝑃𝑆𝐷 (݂) = 1ே ⌊∑ ௝2గ௙௡/ேே௡=1−݁(݊)ݔ ⌋2

        (1) 

 

In this formulation, the EEG signal is turned off the time domain into the frequency domain and 
the power of the signal of each frequency part is measured. PSD values are in most cases 
averaged over canonical EEG frequency bands, that is, delta (0.5 to 4 Hz), theta (4 to 8 Hz), 
alpha (8 to 13 Hz), beta (13 to 30 Hz), and gamma (>30 Hz) which are known to carry emotional 
arousal, valence, attention processes and cognitive load. Subsequently, band-limited PSD 
characteristics are a stable and physiologically relevant representation of EEG-based emotion 
recognition. 

Besides EEG, peripheral physiological cues are also often used in modelling autonomic nervous 
system processes that are complementary to central neural activity. Heart rate variability (HRV) 
features based on electrocardiogram (ECG) are widely used because they are sensitive to 



emotional and stress responses. One HRV measure based on time is the Root Mean Square of 
Successive Differences (RMSSD) which is defined as: ܴܪ ோܸெௌௌ஽ = √ 1ெ−1 ∑ (ܴܴ௜+1 − ܴܴ௜)2ெ−1௜=1                                                   (2) 

    Where, RRi indicates the period between consecutive R-peaks and M is the number of the RR 
intervals. RMSSD records short term beat-beat variation and is the main expression of the 
actions of the parasympathetic nervous system. Therefore, HRV-related features offer additional 
emotional data to EEG-derived frequency-domain features. The combination of PSD-derived 
EEG characteristics and HRV-derived peripheral characteristics form the system staple signal-
processing underpinnings, of which numerous publications on multimodal emotion recognition 
contain. 
 

C. Fusion Strategy Evaluation 

To synthesize heterogeneous physiological properties, an array of multimodal fusion measures 
has been explored, and may be broadly divided into the early fusion, late fusion and hybrid 
fusion approaches. These plans vary in the point where information across several modalities 
would be integrated. 

In early fusion, feature vectors that are specific to a given modality are combined together on the 
input level: ܨ௘௔௥௟௬ = ாாீܨ]    ∣∣  ௣௘௥௜௣ℎ]                                                                 (3)ܨ  

Although this method allows for the collaborative learning of features across modalities, it may 
be adversely affected by high dimensionality and susceptibility to noisy or missing channels. 
Late fusion, conversely, combines the prediction made at the decision level based on modality-

specific predictions by summing up the posterior probabilities. 𝑃௟௔௧௘(ݕ ∣ (ݔ = ݕ)𝑃ாாீߙ ∣ (ݔ + (1 − ݕ)𝑃௣௘௥௜௣ℎ(ߙ ∣  (4)                                   (ݔ

This formulation corresponds to a late (decision-level) fusion strategy, in which posterior probabilities 
obtained from modality-specific classifiers are combined through a weighted linear aggregation. Here, 
PEEG (ݕ ∣ ݕ)and 𝑃௣௘௥௜௣ℎ (ݔ ∣  denote the class posterior probabilities predicted from EEG and(ݔ
peripheral physiological signals, respectively, while α ∈ [0, 1] controls their relative contribution. Late 
fusion enables independent optimization of each modality and provides increased robustness to noisy or 
missing sensor data, as cross-modal integration is performed at the decision stage rather than at the 
feature level. 
 

Hybrid fusion approaches combine the advantages of early and late fusion by integrating both low-

level features and high-level learned representations: ܨℎ௬௕௥௜ௗ = ߶ ⁣( ாாீܨ]1ܹ ∣∣   [௣௘௥௜௣ℎܨ +    2ܹ[ℎாாீ ∣∣ ℎ௣௘௥௜௣ℎ])                    (5) 

This formulation represents a hybrid fusion strategy, in which both low-level handcrafted features and 
FEEG and Fperiph high-level learned representations from multiple physiological modalities are jointly 



integrated. Here,  denote modality-specific feature vectors extracted from EEG and peripheral signals, 
respectively, while hEEG and hperiph correspond to latent representations learned by modality-specific 
models. The concatenated representations are projected into a shared feature space through learnable 
weight matrices W1 and W2, and subsequently transformed by a nonlinear activation function ߶(. ) By 
simultaneously exploiting feature-level and representation-level information, hybrid fusion enables more 
expressive cross-modal interaction modelling and has been shown to provide improved performance 
compared to early or late fusion strategies. 
 

Model Training and Evaluation: The supervised process of the proposed model is to be trained with 
the help of the categorical cross-entropy loss to reduce the gap between the predicted and ground-truth 
labels of emotions. ℒ = − ∑ ஼௜=1)                                                                                         (௜ݕ̂) ௜logݕ 6) 

Where C denotes the number of emotion classes, yi represents the true label distribution, and ̂ݕ௜is 
the predicted probability. Final classification is obtained using a softmax-based decision function 
applied to the fused feature representation: ̂ݕ = arg max ௞ ௙௨௦௜௢௡ܨܹ)ݔܽ݉ݐ݂݋ݏ   + ܾ)௞                                                   (7) 

The standard metrics such as accuracy, precision, recall and F1 -score are used to assess model 
performance, with solid comparison to the current emotion recognition methods. 

Robustness Assessment: Physiological signals available in practice with noise and sensor 
channels are missing, thus strong modelling of robustness is required to guarantee sound 
multimodal emotion recognition. Additive Gaussian disturbance is usually considered to be noise 
perturbation. ݔ௡௢௜௦௬ = ݔ + ࣨ(0,  (8)                                                                                            (2ߪ

While missing-modality conditions are simulated through channel dropout masking   ܨ′ = ݉ ⊙  (9)                                                                                                              ܨ

These formulations help evaluate how well fusion architectures tolerate degraded sensor 
conditions. Primary experimentation demands synchronized EEG + peripheral hardware, 
standardized protocols, and laboratory-controlled emotional elicitation an impractical scope for 
this study. Secondary research offers a broader, validated perspective by synthesizing results 
from leading multimodal datasets such as DEAP, SEED, DREAMER, and ASCERTAIN, 
enabling deeper understanding of performance trends, gaps, and methodological strengths. 

Result: 

The multimodal emotion-recognition synthesis indicates that there are consistent differences in 
performances between EEG-only, peripheral-only and fusion-based models with fusion models 
performing consistently better than the unimodal systems in benchmark datasets. EEG-based 
techniques usually attain 60-75% accuracy in classification, which is highly sensitive to neural 
responses, but not very robust to noise and inter-subject differences. By comparison, peripheral 



physiological signals are more stable (70-80 % accuracy) but they are less discriminating of 
subtle affective states, especially the valence dimension. The figure 1.2 show Multimodal 
integration Multimodal integration with early- and late-fusion strategies has high accuracy, 
approximately 82-90 %, whereas hybrid fusion architectures are the best performers, often over 
92 % in subject-independent tests with multi-level cross-modal representations. Noise 
contamination, motion artifact, and channel dropout robustness studies also show that hybrid 
fusion is the best choice as it can ensure consistent performance and reliable inferences even in 
the case of missing-modality, which emphasizes its applicability in the practical context of 
affective computing. 

 

Figure 2: Comparative Analysis of Different Emotion-Recognition Approaches 

Figure 2 compares the accuracy of different emotion-recognition approaches: EEG-only, 
Peripheral-only, Early Fusion, Late Fusion, and Hybrid Fusion. The trend clearly shows a 
progressive improvement as modalities are combined more intelligently. 

This confirms hybrid fusion as the most effective strategy for real-world multimodal affective 
computing. The table 2.1 shows that there is a clear improvement in the accuracy of unimodal to 
multi-modal methods and the hybrid fusion method gives the best results due to effective cross-

modal integration.  Fusion solution and hybrid fusion, in particular, is more robust, accurate and 
reliable compared to the EEG- and peripheral-only solutions which is limited by noise and poor 
discrimination of emotions. The combined graphical and tabular analysis reinforces three core 
findings: The confusion table of the intended hybrid multimodal fusion model (Fig. X) reveals 
very high class-wise discriminative results where the majority of the tabular values are majorly 
located on the diagonal with high correct-classification rates of the given emotions. 



The first and the second class are recognized without error (4/4 perfect predictions each), 
whereas the third class results with 3/4 perfect predictions, but with one misclassification against 
the second one. 

Table 1: Methods Approx. Accuracy Strength and Limitations 

Method Approx. 
Accuracy 

Strengths Limitations 

EEG Only 0.68 High neural sensitivity Noise-sensitive, poor 
generalization 

Peripheral 
Only 

0.75 Stable, robust to motion Weak valence discrimination 

Early Fusion 0.85 Simple, low latency Sensitive to signal 
misalignment 

Late Fusion 0.88 Good robustness, 
modality independence 

Higher inference time 

Hybrid 
Fusion 

0.93 Best accuracy, noise 
tolerance, cross-modal 
synergy 

Computationally heavier, 
requires synchronization 

 

In general, the matrix shows that there is low inter-class confusion and high inter-category 
precision. These findings suggest an obvious differentiation of the emotional states. This action 
makes it clear that the multi-level cross-modal feature integration designed to be a part of the 
hybrid fusion framework is effective. Therefore, the model has a strong classification capacity 
and is applicable in real-life multimodal emotion-recognition scenarios. 

 

Figure 3: Confusion matrix illustrating class-wise prediction performance of the hybrid fusion 
model. 



 

Figure 4: ROC curves for the hybrid fusion classifier across three emotional classes. 

Figure 4 Shows the ROC curves of the proposed hybrid fusion emotion classifier under three 
classes of emotions. All the classes attain AUC values that are close to 1.00 and these values 
represent almost perfect discrimination with a high true-positive response and a low false-

positive response. These results prove that the hybrid multimodal fusion framework is highly 
reliable and robust in terms of recognizing emotions. 

Discussion  

Multimodal fusion of EEG and peripheral physiological measures significantly increases the 
accuracy and the strength of physiological emotion-recognition systems through the 
complementary nature of neural and autonomic reactions. Although both early and late fusion 
give partial gains, the hybrid fusion is able to give better performance (>92% accuracy), better 
class separability, and withstands modality degradation. Nonetheless, there are still issues to 
solve in the area of computational complexity, synchronization, interpretability, and 
generalization of datasets. The research to come must therefore aim at adaptive interpretable and 
resource efficient multimodal architectures applicable in real world to affective computing 
application. 

Conclusion 

This review shows that combining EEG with peripheral physiological signals significantly 
improves emotion-recognition performance compared to unimodal approaches. While EEG 
provides detailed neural information and peripheral signals offer greater stability, only 
multimodal fusion especially hybrid fusion effectively captures their complementary strengths. 
Hybrid strategies consistently achieve higher accuracy, stronger robustness to noise and missing 
data, and better cross-subject generalization. Despite challenges such as computational 
complexity and limited interpretability, the evidence indicates that hybrid multimodal fusion 
represents the most reliable pathway toward practical and real-world emotion-recognition 
systems. 



 

References: 

1. Poria, S., Cambria, E., Bajpai, R., & Hussain, A. (2017). A review of affective computing: 
From unimodal analysis to multimodal fusion. Information fusion, 37, 98-125. 

2. Houssein, E. H., Hammad, A., & Ali, A. A. (2022). Human emotion recognition from 
EEG-based brain–computer interface using machine learning: a comprehensive 
review. Neural Computing and Applications, 34(15), 12527-12557. 

3. W. Li, Z. Zhang, and A. Song, “Physiological-signal-based emotion recognition: An 
odyssey from methodology philosophy, “Measurement, vol. 172, 2021, Art. no. 108747. 

4. Poria, S., Peng, H., Hussain, A., Howard, N., & Cambria, E. (2017). Ensemble application 
of convolutional neural networks and multiple kernel learning for multimodal sentiment 
analysis. Neurocomputing, 261, 217-230. 

5. Li, Q., Liu, Y., Yan, F., Zhang, Q., & Liu, C. (2023). Emotion recognition based on 
multiple physiological signals. Biomedical Signal Processing and Control, 85, 104989. 
 

6. Saha, P., Kunju, A. K. A., Majid, M. E., Kashem, S. B. A., Nashbat, M., Ashraf, A., ... & 
Chowdhury, M. E. (2024). Novel multimodal emotion detection method using 
Electroencephalogram and Electrocardiogram signals. Biomedical Signal Processing and 
Control, 92, 106002. 
 

7. Kang, H., & Lee, M. (2025, July). Multimodal Emotion Recognition from EEG and ECG 
Signals via Parallel Fusion of Graph Convolution and LSTMs. In 2025 47th Annual 
International Conference of the IEEE Engineering in Medicine and Biology Society 
(EMBC) (pp. 1-6). IEEE. 
 

8. Wang, Z., & Wang, Y. (2025). Emotion recognition based on multimodal physiological 
electrical signals. Frontiers in Neuroscience, 19, 1512799. 
 

9. Gohumpu, J., Xue, M., & Bao, Y. (2023). Emotion recognition with multi-modal 
peripheral physiological signals. Frontiers in Computer Science, 5, 1264713. 
 

10. Lopez, E., Chiarantano, E., Grassucci, E., & Comminiello, D. (2023, June). 
Hypercomplex multimodal emotion recognition from EEG and peripheral physiological 
signals. In 2023 IEEE International Conference on Acoustics, Speech, and Signal 
Processing Workshops (ICASSPW) (pp. 1-5). IEEE. 
 

11. Yang, P., Liu, N., Liu, X., Shu, Y., Ji, W., Ren, Z., ... & Liu, Y. J. (2024). A multimodal 
dataset for mixed emotion recognition. Scientific Data, 11(1), 847. 
 



12. Koelstra, S., et al. (2012). DEAP: A multimodal dataset for emotion analysis. IEEE 
Transactions on Affective Computing, 3(1), 18–31. 

13. Zheng, W.-L., & Lu, B.-L. (2015). Investigating SEED EEG dataset for emotion 
recognition. IEEE Transactions on Cybernetics, 46(2), 336–347. 

 


