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Abstract. In today's increasingly frequent human-computer interaction, the accurate 

recognition and response of intelligent systems to human emotions has become the key to 

improving the user experience. This paper aims to explore the application of physiological 

signals and facial expression synchronization analysis in emotion recognition. This paper 

adopts the method of literature review, and summarizes the acquisition techniques of 

physiological signals and facial expressions, synchronous analysis methods, and their 

application cases in emotion recognition. At the same time, the limitations and challenges of 

the existing technology are discussed. The review shows that the synchronous analysis of 

physiological signals and facial expressions has important application value in the field of 

emotion recognition, especially in mental health monitoring, educational feedback, and 

customer service automation. However, the practical application of the technology still faces 

many challenges, including the real-time nature of data collection, the adaptability of 

individual differences, and other identification problems. Therefore, future research needs to 

further optimize data acquisition technology and develop more accurate and personalized 

analysis algorithms. 
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Multimodal Analysis, Deep Learning. 

1.  Introduction 

In the wave of artificial intelligence, emotion recognition technology is gradually becoming a bridge 

between humans and computers, and its research and development status has received extensive 

attention from the academic community. In the field of emotion recognition technology, the existing 

research angles mainly focus on improving the accuracy of facial expression recognition, and explore 

how to integrate facial expressions and physiological signals through multimodal methods to enhance 

the comprehensiveness of emotion recognition[1]. In this research context, this study puts forward new 

insights into this field by carefully analyzing the existing achievements of scholars in the synchronous 

analysis of facial expressions and physiological signals. Facial expression recognition technology 

initially relied on a rule-based approach to recognition through predefined facial features. With the 

development of technology, machine learning methods have begun to be applied, using statistical 

models to learn expression patterns from data. In recent years, the introduction of deep learning 
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technologies, especially convolutional neural networks (CNNs) and recurrent neural networks (RNNs), 

has greatly improved the accuracy and robustness of facial expression recognition. CNNs excel at 

extracting facial features, while RNNs are able to efficiently process the temporal information of 

expressions[2]. Based on existing literature and data analysis, this paper will discuss the concept of 

multimodal emotion recognition, evaluate facial expression recognition techniques and physiological 

signal analysis methods, and their integration and application in emotion recognition. The practical 

application of multimodal emotion recognition technology will have a positive impact on many 

aspects of society, including improving the customer service experience, enhancing public safety 

monitoring, and promoting mental health management[3]. The significance of this study lies in the fact 

that it can not only provide new perspectives for emotion recognition theory, but also improve the 

naturalness of human-computer interaction and the accuracy of mental health assessment in practical 

applications. 

2.  The integration and development of facial expression recognition and physiological signal 

analysis technology 

Facial expression recognition and physiological signal analysis are the two pillars of the field of 

emotion recognition. The development of facial expression recognition technology has undergone a 

transformation from traditional methods to deep learning, and the collection and analysis of 

physiological signals provide intrinsic physiological indicators for emotional states. 

Physiological signals, including heart rate, skin conductance, and brain waves, provide important 

complementary information for emotion recognition. Modern acquisition techniques are able to 

capture these physiological indicators in real-time and provide high-quality data for sentiment analysis 

through preprocessing and feature extraction techniques such as signal denoising and feature selection. 

The analysis of physiological signals not only enhances the objectivity of emotion recognition, but 

also improves the sensitivity of the system to different emotional states. 

By integrating facial expression recognition and physiological signal analysis, researchers can build 

a more comprehensive emotion recognition system. The combination of the intuitiveness of facial 

expressions and the objectivity of physiological signals provides a richer source of data for 

understanding human emotions. This multimodal approach not only improves the accuracy of emotion 

recognition, but also opens up new possibilities for the application of emotion recognition technology 

in the fields of human-computer interaction, mental health assessment, and security monitoring.  

3.  Synchronous analysis of facial expressions and physiological signals 

3.1.  Theoretical basis of simultaneous analysis 

Simultaneous analysis of facial expressions and physiological signals relies on an in-depth 

understanding of time-series data. Time series analysis is a statistical method used to analyze data 

points at a point in time to extract meaningful patterns. In facial expression and physiological signal 

analysis, time series analysis can help us identify and understand changes in affective states over time. 

Multimodal data fusion is another key concept in simultaneous analysis. It involves combining data 

from different sources, such as video images and physiological sensor data, to obtain more 

comprehensive and accurate analytical results. Data fusion technology can improve the accuracy and 

reliability of emotion recognition. 

3.2.  Application cases of synchronous analysis in emotion recognition 

Synchronous analysis of facial expressions and physiological signals plays an important role in the 

field of emotion recognition, especially in the three key areas of mental health monitoring, educational 

feedback, and customer service automation. 

In terms of mental health monitoring, this technology is able to monitor psychological states such 

as stress, anxiety, and depression in real time by analyzing individuals' facial expressions and 

physiological signals and using machine learning algorithms to identify abnormal changes in 
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emotional states so as to provide necessary interventions in a timely manner. Table 1 presents data on 

examples of the use of facial expression and physiological data in depression monitoring research: 

Table 1. The use of facial expression and physiological data in depression monitoring research 

Case studies Research methods Data source Findings 

Research on 

depression 

recognition based on 

facial expression 

analysis 

Convolutional Neural 

Network (CNN) 

Chinese 

depression 

database 

dataset EATD 

The accuracy rate was 71.3%, and 

the proportion of facial 

expressions recognized was 

consistent with the situation of 

depressed patients [4]. 

Advances in the 

application of 

machine learning in 

the study of facial 

features in patients 

with depression 

Machine learning 

 

IEEE Xplore  

database 
 

Facial expressions can present 

important nonverbal information 

that can aid in the identification 

and diagnosis of depression [5]. 

Chinese scholars 

have made progress 

in multimodal 

datasets for mental 

disorders and related 

research 

Multimodal 

psychophysiological 

database MODMA 

MODMA 

database 
The dataset includes EEG 

experimental data and voice 

experimental data, which 

provides a new way to quantify 

the assessment of mental 

disorders [6]. 
 

 

Educational feedback is a method used by teachers to understand students' learning and feelings, 

and it helps teachers tailor teaching to the needs of students to improve learning outcomes. Modern 

educational technology uses biometric tools, such as facial recognition and heart rate monitoring, to 

analyze students' facial expressions and physiological responses, to assess teaching effectiveness and 

student engagement, and then adjust teaching strategies to improve learning efficiency and satisfaction. 

In the field of customer service automation, synchronous analysis technology can automatically 

monitor the emotional state of customers, realize personalized services, optimize service processes by 

analyzing customer emotional reactions, and improve customer satisfaction and loyalty. These 

applications not only improve the accuracy and efficiency of emotion recognition, but also provide 

new possibilities for innovation and development in related fields. 

4.  Construction and optimization of multimodal emotion recognition model 

4.1.  Multimodal data fusion strategy 

The multimodal data fusion strategy is a key technology to construct an effective emotion recognition 

model. In the early fusion strategy, facial expressions and physiological signals are integrated in the 

data preprocessing stage, which helps to reduce the data dimension and strengthen the correlation 

between features. The late fusion strategy is to synthesize information from different data sources at 

the decision-making stage of the model, allowing each modality to contribute its information 

independently, which may improve the generalization ability of the model [7]. Table 2 illustrates the 

application of multimodal data fusion strategies in the field of emotion recognition: 
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Table 2. The application of multimodal data fusion strategies in the field of emotion recognition 

Application 

examples 

Convergence 

strategy 

Description Advantage Challenge 

Multimodal 

Emotion 

Recognition 

Challenge(MER

24) 

Late fusion Integrate 

information from 

different 

modalities at the 

decision-making 

stage 

Allows 

independent 

contribution 

of 

information 

and improves 

generalization 

ability 
 

There is a need for 

effective methods 

to synthesize 

decision-making 

outcomes of 

different odalities 

[8]. 

SkipcrossNets Innovate the 

convergence 

strategy 

Adaptively 

identify the best 

modal 

combinations at 

different stages 

Increase 

feature 

interaction 

and improve 

the fusion 

effect 
 

It is necessary to 

learn cross-modal 

learnable factors, 

which may increase 

the computational 

complexity [9]. 

Early fusion 

Strategies 

Early fusion Integrate facial 

expressions and 

physiological 

signals in the data 

preprocessing 

phase 

Reduce data 

dimensions and 

strengthen feature 

correlation 

Some 

modal-specific 

information may be 

lost. 

Late fusion 

Strategies 
Late fusion 

 

Synthesize 

information of 

different 

modalities at the 

model decision 

layer 

Maintaining 

data 

independence 

may improve 

accuracy. 
 

The problem of 

time alignment 

of different 

modalities needs 

to be addressed. 
 

4.2.  Application of deep learning models 

Deep learning models play a crucial role in the field of multimodal emotion recognition. CNN is 

widely used in facial expression analysis due to its powerful feature extraction ability, and by learning 

facial key points and expression patterns, CNN can achieve high-accuracy classification on standard 

expression databases such as FER-2013. For example, a study using CNNs for feature extraction of 

facial expressions achieved an accuracy rate of more than 70% on the FER-2013 database [10]. For 

time-series data of physiological signals, recurrent neural networks (RNNs) and long short-term 

memory networks (LSTMs) have shown advantages in processing such data. LSTMs are particularly 

suitable for analyzing physiological indicators such as heart rate variability (HRV) to identify an 

individual's emotional state due to their ability to capture long-term dependencies. In one study, the 

LSTM network modeled HRV data and successfully distinguished between heart rate patterns in calm 

and stressful states with an accuracy of more than 85% [11]. Effective model training and validation is 

key to ensuring the accuracy and robustness of deep learning models. This often requires a large 

amount of annotated data and a well-designed experimental protocol. For example, the SEMAINE 

database provides a wealth of facial video, voice recording, and physiological sensor data, providing a 

valuable resource for multimodal emotion recognition research [12]. In addition, by using data 

augmentation techniques and cross-validation methods, researchers are able to improve the model's 

ability to generalize to new data and reduce the risk of overfitting [13]. 
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5.  Discussion 

Synchronous analysis technology faces the complexity of processing multi-source data in emotion 

recognition. The synchronization of facial expressions and physiological signals requires precise time 

alignment and phase matching, which is often difficult to achieve in practical applications [14]. In 

addition, differences in sampling rates and temporal resolution from different data sources create 

additional challenges for simultaneous analysis. In view of the challenges of synchronous analysis 

technology in emotion recognition, researchers have carried out a series of research attempts. For 

example, a cross-subject emotion EEG recognition method based on multi-source domain adaptation 

has been proposed, which solves the problem of inter-sample differences caused by differences 

between subjects through multi-source domain transfer learning, and the experimental results show 

that this method can effectively improve the accuracy of cross-subject emotion EEG recognition [15]. 

In addition, a 3D hierarchical convolutional fusion model is used to process multimodal physiological 

signal emotion recognition, which can fully explore the interaction between multiple modalities and 

describe sentiment information more accurately, and the experimental results show that the accuracy 

rate is as high as 98% on the DEAP dataset [16]. Although deep learning models perform well in 

emotion recognition, their generalization ability is still a key issue. Models tend to perform well on 

training data, but their performance degrades when faced with new, unseen data [17]. Improving the 

generalization ability of the model so that it can adapt to different environments and individual 

differences is an important direction of current research. 

Emotion recognition systems need to process data from different individuals and different cultural 

backgrounds. The diversity of data presents difficulties in feature extraction and model training. How 

to design algorithms that can adapt to different data features is an important issue in the development 

of emotion recognition technology. In the field of emotion recognition, researchers are faced with the 

challenges posed by data diversity, including individual differences, cultural diversity, and the 

subjectivity of emotional expression. For example, different individuals may express the same 

emotional state in different ways, and people from different cultures may understand and express the 

same emotion differently. In addition, the collection of affective data often relies on subjective 

self-reporting, which can introduce bias. To address these challenges, more sophisticated algorithms 

are being developed that can extract richer and more reliable emotional features from multimodal data, 

such as combining physiological signals, facial expressions, speech, and text. At the same time, it 

needs to explore how to use big data and machine learning techniques to process and analyze these 

complex datasets, and how to improve the generalization ability of models through cross-cultural 

research. The accuracy of emotion recognition is highly dependent on the quality of the data. Noise 

during data acquisition, incomplete data recording, and inconsistent data annotations can all affect the 

performance of the model. Therefore, establishing a strict data quality control process is the key to 

improving the reliability of the emotion recognition system. 

To further improve the performance of emotion recognition systems, future research needs to be 

more in-depth exploration in algorithm design, data processing, and application practice. In addition, 

interdisciplinary collaboration will be key to advancing the development of emotion recognition 

technology, and integrating research results in fields such as psychology, cognitive science, and data 

science will help achieve deeper human-computer interaction and broader social applications. 

6.  Conclusion 

This paper reviews the application and progress of synchronous analysis of physiological signals and 

facial expressions in the field of emotion recognition, and clarifies the important role of multimodal 

emotion recognition technology in improving the naturalness of human-computer interaction and the 

accuracy of mental health assessment. The integration of facial expression recognition technology and 

physiological signal analysis has significantly improved the accuracy and robustness of emotion 

recognition through advanced technologies such as deep learning. However, in research and writing, 

the scope of research is mainly limited to the published literature and may not cover the latest research 

results. Because the research methodology relies on literature reviews rather than empirical data, there 
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is not much experimental validation, which may limit the in-depth evaluation of technical performance. 

Although the application of multimodal emotion recognition is discussed, the prediction of future 

challenges may not be comprehensive. Future research should focus on algorithm innovation to 

improve the accuracy of simultaneous analysis and the generalization of models. At the same time, 

data diversity and quality control should be strengthened to ensure the reliability of the emotion 

recognition system and the privacy and security of user data.  
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