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Design of dynamic emotional state evaluation system based on deep 

neural network for multi-source heterogeneous physiological signal 

fusion 

Abstract: To achieve precise and dynamic assessment of emotional states, this study designs a 

deep neural network-based multi-source heterogeneous physiological signal fusion system. First, 

it analyzes the correlation mechanisms between multi-source heterogeneous physiological 

signals (e.g., EEG, ECG, EDA) and emotional states, highlighting the limitations of single-signal 

evaluation and the necessity of multi-signal fusion. Second, it explores the fundamental 

principles of deep neural networks and their advantages in physiological signal processing, 

focusing on multi-source signal fusion methods at the data layer, feature layer, and 

decision-making layer. Building on this foundation, we design a system architecture 

incorporating data acquisition, preprocessing, feature fusion, emotional assessment, and result 

visualization modules. A dynamic evaluation model based on LSTM and its variants is 

constructed, achieving classification of emotional categories and regression of emotional 

dimensions. Experimental results demonstrate that the system performs excellently on both 

public datasets (DEAP, SEED) and self-built datasets. The Macro-F1 value combining feature 

layer fusion with deep learning methods improves by 11.2%-18.7% compared to single-signal 

evaluation, with a time-series prediction accuracy rate of 82.3% and end-to-end latency 

controlled within 500ms, validating the system's effectiveness and practicality. This study 

provides a new technical approach for dynamic emotional assessment, offering broad application 

prospects in healthcare, education, human-computer interaction, and related fields.  

Keywords: multi-source heterogeneous physiological signal; deep neural network; signal fusion; 

emotional state 

In contemporary society, emotional state assessment has emerged as a multidisciplinary 

research hotspot, demonstrating irreplaceable significance across healthcare, education, and 

human-computer interaction fields. Within medical practice, precise emotional evaluation 

provides critical evidence for early diagnosis and intervention of mental disorders such as 

depression and anxiety, thereby enhancing treatment efficacy and patients 'quality of life [1]. For 

instance, continuous monitoring of patients' emotional fluctuations enables physicians to adjust 

treatment plans promptly, preventing disease progression. In education, understanding students' 

emotional states during learning processes—such as concentration levels and anxiety tendencies
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—helps teachers optimize teaching strategies, implement personalized instruction, and boost 

learning efficiency and motivation. Furthermore, in human-computer interaction, emotional 

assessment allows smart devices to better comprehend user needs and deliver more intuitive 

services. This study focuses on developing a deep neural network-based system for multi-source 

heterogeneous physiological signal fusion with dynamic emotional state evaluation. The research 

not only advances emotional assessment toward greater precision and real-time responsiveness 

while providing robust theoretical support for related applications, but also promotes 

interdisciplinary integration, demonstrating significant academic value and practical 

significance. 

1. Analysis of the relationship between multi-source heterogeneous physiological signals 

and emotional states  

1.1 Overview of multi-source heterogeneous physiological signals  

The characteristic extraction and acquisition methods of different physiological signals are 

related to their physiological attributes. EEG: Time-domain features include peak and latency 

periods, while frequency-domain analysis reveals δ , θ , α , β , and γ  wave bands with 

emotion-specific energy distribution. It is collected using scalp electrodes positioned according 

to the international 10-20 system, amplified by EEG amplifiers at 250-1000Hz sampling rates, 

requiring synchronized artifact correction. ECG: Time-domain features encompass RR intervals 

and QRS complex width, with high and low-frequency components identified through power 

spectrum analysis. Surface electrodes (Ag/AgCl) placed on the chest or wrist at 250-500Hz 

sampling rates require motion artifact prevention. EDA: SCL (Basal Conductance) and SCR 

(Skin Conductance Response) exhibit mean and frequency characteristics. Electrodes placed on 

finger pads under DC or AC stimulation at 10-100Hz sampling rates maintain contact integrity. 

EMG: Time-domain features include integrated electromyography, with frequency dominance in 

20-200Hz. Surface electrodes attached to target muscles at 500-2000Hz sampling rates require 

power frequency interference filtering [2]. Respiratory signals: Features like respiratory 

frequency and inhalation duration are extracted using chest/abdominal belt sensors or nasal 

airflow sensors at 10-50Hz sampling rates. Skin temperature: Characterized by mean values and 

rate of change, measured with thermocouples or infrared sensors on fingers/wrists at 0.1-1Hz 

sampling rates, requiring avoidance of drastic environmental temperature changes.  

1.2 Physiological signal correlation theory of emotional state  
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1.2.1 Physiological basis in traditional emotion theory  

Traditional emotion theories established foundational frameworks for understanding the 

relationship between physiological signals and emotional responses. The James-Lange theory 

posits that emotional experiences arise from perceiving bodily changes, where physiological 

stimuli first trigger physical reactions that are interpreted by the brain to form emotional 

perceptions, emphasizing the decisive role of peripheral physiological responses in emotional 

processing. The Cannon-Bard theory suggests simultaneous occurrence of emotional experiences 

and physiological reactions, both regulated by the thalamus which simultaneously sends signals 

to both the cerebral cortex and autonomic nervous system, highlighting the integrative function 

of the central nervous system. The Schachter-Singer theory proposes that emotions emerge from 

the interaction of physiological arousal, cognitive labeling, and environmental stimuli, revealing 

the complexity of physiological signals' connection with emotions that requires interpretation 

through cognitive and environmental factors. While these theories remain controversial, they all 

acknowledge the close relationship between physiological signals and emotional states.  

1.2.2 Modern research on the deepening of cognition of association  

Modern research has uncovered deep-seated mechanisms through empirical approaches. At 

the central nervous system level, emotional processing involves coordinated activity across 

multiple brain networks. The amygdala plays a key role in detecting negative emotions like fear, 

with its hyperactivation reflected through enhanced θ waves in EEG. The prefrontal cortex 

participates in emotional regulation, where functional abnormalities correlate with depression. 

The anterior cingulate cortex monitors emotional conflicts, with activity changes manifested 

through N2 components in ERP. At the autonomic nervous system level, functional states can be 

reflected through ECG, EDA, and respiratory signals. Positive emotions typically feature higher 

HRV, stable breathing, and lower EDA; negative high-arousal emotions manifest as reduced HRV, 

elevated EDA, and accelerated breathing; negative low-arousal emotions may involve decreased 

HRV and respiratory inhibition. At the somatic motor system level, EMG reflects 

emotion-induced bodily changes. Facial muscles exhibit specificity: the zygomaticus muscle 

correlates with positive emotions, while the brow muscles associate with negative emotions. 

Somatic postural changes can be captured through trunk EMG [3]. Individual differences and 

dynamic correlations vary across individuals, influenced by multiple factors, and demonstrate 

dynamic patterns with distinct signal patterns in short-term fluctuations and long-term states.  

1.3 The necessity of multi-source heterogeneous physiological signal fusion  
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1.3.1 Limitations of single signal evaluation  

Individual physiological signals exhibit significant limitations in emotional assessment. 

Each signal only reflects partial physiological changes, failing to capture the multidimensional 

nature of emotions and potentially leading to biased evaluations. These signals are susceptible to 

interference from physiological states, environmental factors, and individual differences, with 

weak resistance to interference that may obscure genuine emotional fluctuations [4]. Moreover, 

their associations with emotional states lack specificity, as single signal changes can correspond 

to multiple scenarios, making accurate differentiation challenging. Additionally, their temporal 

resolution or sensitivity is insufficient to detect emotional transient fluctuations or long-term 

trends.  

1.3.2 Fusion signal enhances the evaluation accuracy  

The fusion of multi-source heterogeneous physiological signals significantly enhances 

evaluation performance. Different signals reflect emotional characteristics at various levels, and 

their integration forms a comprehensive mapping that improves the differentiation capability 

across emotional dimensions. Cross-validation is employed to eliminate interference factors, 

thereby enhancing evaluation robustness and reducing misjudgment rates [5]. The multi-signal 

combination pattern demonstrates emotional specificity, improving recognition accuracy and 

enhancing the precision of emotional category differentiation. Integrating signals with different 

temporal characteristics enables comprehensive tracking of emotional dynamics, adapting to the 

temporal evolution of emotions.  

Experiments show that the accuracy of emotion classification by multi-source signal fusion 

is usually 15%-30% higher than that by single signal, which is a necessary way to achieve 

accurate emotion evaluation. 

2. Fundamentals and application principles of deep neural network  

2.1 Basic concepts and structures of deep neural networks  

2.1.1 Neuron model and working mode  

Artificial neurons, the fundamental building blocks of deep neural networks, mimic 

biological neuron mechanisms for information processing. This model consists of four core 

components: input interfaces, weighted summation units, activation functions, and output 

interfaces. Input interfaces receive signals from other neurons or external sources, with each 

signal corresponding to a weight parameter. The magnitude of these weights indicates the degree 

of influence that each input has on the neuron's output. 
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2.1.2 Network architecture composition  

A deep neural network is constructed through hierarchical connections of neurons, typically 

featuring three layers: input, hidden, and output. The input layer receives raw data (such as 

feature vectors from physiological signals), with neuron quantities matching the input data's 

dimensions, focusing solely on signal transmission without complex computations. The hidden 

layer, situated between the input and output layers, consists of multiple neuron layers serving as 

the core module for feature extraction and data transformation. The network's representational 

capacity depends on both depth (number of layers) and width (neuron count per layer). Shallow 

networks are better suited for learning simple features, while deep networks can capture more 

abstract and complex patterns. For instance, when processing EEG signals, shallow hidden layers 

extract local temporal features, whereas deeper hidden layers integrate these features to form 

higher-order representations related to emotions.  

The output layer generates results based on specific tasks, with the number of neurons 

determined by task type [6]: In classification tasks, the number of neurons equals the number of 

emotion categories (e.g., three neurons for positive, neutral, and negative emotions), with output 

values representing probability distributions. For regression tasks, the number of neurons 

matches the number of emotion dimensions (e.g., two neurons for pleasure and arousal), 

producing continuous dimensional scores. Layers are interconnected through fully connected, 

convolutional, or recurrent mechanisms. Fully connected layers connect all neurons from the 

previous layer, ideal for feature integration. Convolutional layers extract spatial features through 

local receptive fields and shared weights, suitable for processing locally correlated data. 

Recurrent layers introduce temporal dependencies to capture sequential features in time-series 

data.  

2.2 Learning and training mechanism of deep neural network  

2.2.1 Principle of back propagation algorithm  

The backpropagation algorithm serves as the core mechanism for training deep neural 

networks, operating on the fundamental principle of adjusting network parameters (weights and 

biases) by minimizing the error between predicted outputs and actual values. The algorithm's 

workflow consists of two phases: Forward propagation and backpropagation. During forward 

propagation, input data travels from the input layer through hidden layers to the output layer, 

where predictions are generated and errors calculated using loss functions such as cross-entropy 

for classification tasks or mean squared error for regression tasks. In the backpropagation phase, 
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these errors are propagated backward through the network hierarchy, utilizing the chain rule to 

compute gradients (i.e., partial derivatives) of parameters at each layer.  

2.2.2 Optimization algorithm and regularization technology  

To enhance network training efficiency and generalization capabilities, it is essential to 

employ optimization algorithms and regularization techniques. Optimization algorithms are 

designed to improve the gradient descent process. The Adam algorithm stands as one of the most 

widely used optimizers today, combining momentum methods with adaptive learning rate 

strategies: It accelerates convergence through first-order moment estimation (moment) while 

dynamically adjusting each parameter's learning rate via second-order moment estimation, 

ensuring significant updates for sparse features and minimal adjustments for dense features. The 

RMSprop algorithm addresses the issue of rapidly declining learning rates with increasing 

iterations by applying exponential moving averages to gradient squared values, making it 

particularly suitable for non-stationary objective functions. 

2.3 Application advantages in physiological signal processing  

2.3.1 Automatic feature learning capability  

Traditional physiological signal processing relies on manually designed features (such as 

EEG band energy and ECG RR intervals), a process requiring domain expertise that may miss 

critical information. Deep neural networks, however, possess end-to-end automatic feature 

learning capabilities to directly extract high-order effective features from raw signals or 

low-level characteristics. For instance, Convolutional Neural Networks (CNNs) leverage sliding 

convolution kernels to extract local time-frequency features from EEG signals without 

pre-calculating power spectra; Recurrent Neural Networks (RNNs) can automatically capture 

heart rate trends in ECG signals, eliminating the need for manual calculation of HRV metrics.  

This automated feature learning mechanism offers two key advantages [7]. First, it reduces 

the workload of feature engineering by eliminating human bias-induced feature selection errors. 

Second, it identifies complex patterns that are difficult for humans to detect, such as spatial 

correlation features in multi-channel EEG signals and synchronized fluctuation patterns between 

EDA and respiratory signals. In emotional assessment tasks, the network can learn highly 

correlated feature combinations: "enhanced α waves + elevated HRV" indicates relaxation, 

while "intensified β waves + sudden EDA spike" signals tension, significantly improving the 

system's discriminative capabilities.  
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2.3.2 Modeling of complex nonlinear relationships  

The correlation between physiological signals and emotional states exhibits highly 

nonlinear and dynamic characteristics. For instance, the same heart rate changes may correspond 

to different emotions (excitement or fear), while the physiological manifestations of the same 

emotion vary significantly across individuals. Traditional linear models (such as logistic 

regression and support vector machines) struggle to capture such complex relationships, whereas 

deep neural networks achieve high-order nonlinear relationship modeling through multi-layer 

nonlinear transformations.  

The nonlinear modeling capability of neural networks stems from the superposition of 

multi-layer activation functions. Each nonlinear transformation in these layers enhances the 

model's expressive power, enabling it to approximate any complex functional relationships 

through multi-layer processing. For instance, the Long Short-Term Memory (LSTM) network 

employs gating mechanisms to handle temporal dependencies in physiological signals, 

effectively modeling "the cumulative effect of emotional arousal over time" (e.g., gradual heart 

rate elevation caused by prolonged stress). Graph Neural Networks (GNNs) can model spatial 

correlations in multi-channel EEG signals, capturing the relationship between "coordinated 

activity patterns in the prefrontal cortex and amygdala" and emotional regulation. This modeling 

capacity allows networks to adapt to individual variations and dynamic changes in physiological 

signals, demonstrating stronger robustness in cross-individual emotional assessment tasks. Their 

performance typically outperforms traditional linear models by 10%-20%. 

3. Research on multi-source heterogeneous physiological signal fusion method  

The fusion of multi-source heterogeneous physiological signals is a key step to improve the 

accuracy of emotion assessment. According to the different stages of fusion, it can be divided 

into three types: data layer fusion, feature layer fusion and decision layer fusion. There are 

significant differences in information retention, computational complexity and applicable 

scenarios among these methods.  

3.1 Data layer fusion  

Data layer fusion, also known as original data fusion, is a method of integrating the original 

data directly after signal preprocessing. Its core advantage is to retain the complete information 

of the original signal and provide a rich data basis for subsequent feature extraction. . 

3.1.1 Direct splicing and fusion strategy  

Direct concatenation represents the simplest data fusion approach, particularly suitable for 
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time-synchronized multi-source signals. When physiological signals (e.g., EEG and ECG both 

sampled at 500Hz) share identical sampling rates, their time-series data points can be directly 

concatenated to form a high-dimensional temporal matrix. For instance, combining a 32-channel 

EEG (32-dimensional) with a single-channel ECG (1-dimensional) creates a 33-dimensional 

vector at each time point, forming the fused temporal dataset. While this method is 

straightforward and requires no complex transformations, it fails to account for inherent 

differences in signal physical significance (e.g., EEG operating at micovolt levels versus ECG at 

millivolt levels), potentially masking features with narrower numerical ranges. Therefore, direct 

concatenation should typically be combined with normalization techniques to map all signals 

into a unified numerical range (e.g., [0,1] or [-1,1]).  

3.1.2 Fusion based on data transformation  

When sampling rates or durations of multi-source signals differ, data transformation 

becomes essential for signal fusion. Common approaches include interpolation and resampling: 

Interpolation performs up-sampling on low-resolution signals (e.g., 10Hz respiratory data) using 

polynomial fitting or spline interpolation to align with high-resolution counterparts (e.g., 500Hz 

EEG). Resampling reduces data volume while maintaining synchronization through 

down-sampling. Additionally, wavelet-based multi-resolution fusion is widely adopted by 

decomposing signals into identical wavelet scales for frequency-domain alignment before 

stitching. For instance, fusing EEG's α-band (8-13Hz) with EDA's slow components (<0.1Hz) 

through wavelet packet decomposition at the same scale highlights low-frequency features 

related to emotional arousal. While data transformation resolves signal desynchronization, 

interpolation or resampling may introduce artifacts. Therefore, selecting appropriate 

transformation methods should align with the physical characteristics of the signals.  

3.2 Feature layer fusion  

Feature layer fusion is a method of extracting features from each signal and then integrating 

the features. Its calculation complexity is lower than that of data layer fusion, and it can filter 

redundant information through feature selection. It is the most widely used fusion strategy at 

present.  

3.2.1 Feature extraction method and fusion  

Traditional feature extraction requires designing feature sets based on physiological 

characteristics of signals: EEG can extract band energy, sample entropy, and Hjorth parameters; 

ECG can extract time-domain indicators (e.g., SDNN, RMSSD) and frequency-domain 
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indicators (e.g., LF/HF) of HRV; EDA can extract SCL mean values and SCR frequency. Feature 

fusion typically employs concatenation or weighted fusion methods: The concatenation method 

combines all features into high-dimensional vectors, such as merging 10-dimensional EEG 

features, 5-dimensional ECG features, and 3-dimensional EDA features into an 18-dimensional 

vector. Weighted fusion assigns weights based on feature importance (e.g., through mutual 

information or variance analysis) and performs linear combinations. This method offers strong 

interpretability and clear physical significance of features, but relies on manually designed 

feature sets, potentially missing deep-level correlated features.  

3.2.2 Feature fusion based on deep learning  

Deep learning provides an end-to-end solution for feature layer fusion through neural 

networks that automatically learn to integrate features. Typical architectures include dual-channel 

CNNs and cross-modal attention networks: Dual-channel CNNs design dedicated convolutional 

branches for each signal (e.g., using 1D convolution for EEG signals to extract temporal features, 

and 2D convolution for ECG signals to capture RR interval characteristics), merging features 

through concatenation or summation in the network layers. Cross-modal attention networks 

dynamically highlight emotion-related key features by calculating relevance weights between 

different signal characteristics through attention mechanisms [8]. For instance, in emotion 

arousal assessment, the network automatically assigns higher weight to EEG features, while in 

affect valence evaluation, it prioritizes frontal lobe EEG features. This approach eliminates 

manual feature design while capturing nonlinear relationships between signals, though it requires 

more complex models and substantial training data. 

3.3 Policy level integration  

Decision layer fusion is a method to integrate the evaluation results of each single source 

signal. It is suitable for the scenario of poor signal synchronization or difficult joint modeling, 

and has the characteristics of high flexibility and strong fault tolerance.  

3.3.1 Voting method and weighted voting method  

The voting method operates on the "majority rule" principle, aggregating outputs from 

individual models and selecting the category with the highest vote count as the final decision. 

For example, when EEG, ECG, and EDA models predict "positive", "positive", and "negative" 

respectively, the voting result is "positive". The weighted voting approach assigns weights based 

on model performance metrics, where superior models (e.g., those with higher accuracy) receive 

greater weight. These weights can be determined using validation set accuracy or F1 scores. For 
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instance, EEG model accuracy is 85% (weight 0.4), ECG model 75% (weight 0.3), and EDA 

model 70% (weight 0.3). The final decision combines the maximum weighted score across all 

categories. While this method offers simple implementation and fault tolerance for single-model 

failures, it fails to fully utilize the probabilistic information from model outputs.  

4. Design of dynamic emotional state evaluation system  

The emotional state dynamic evaluation system needs to realize the real-time processing of 

multi-source physiological signals and the dynamic tracking of emotional state. Its design should 

take into account the accuracy of signal processing, the efficiency of model reasoning and the 

stability of system operation. The key to achieve dynamic evaluation is the coordinated work of 

the overall architecture and core modules.  

4.1 Overall system architecture  

4.1.1 Module division and function overview  

The system adopts hierarchical modular design, including five core modules, which work 

together through data interface. 

Data acquisition module: Composed of multi-type sensor arrays including EEG electrode 

caps (32 leads), ECG chest patch electrodes, EDA finger clip sensors, respiratory belt, and facial 

EMG electrodes. It synchronously collects multi-source physiological signals with dynamically 

configured sampling rates (500Hz for EEG/ECG, 100Hz for EDA, 50Hz for respiratory/EMG). 

The signals are transmitted to the processing terminal via Bluetooth or USB interfaces.  

Signal preprocessing module: Perform noise reduction and normalization on raw signals 

using specialized algorithms tailored to different signal characteristics. EEG employs 

Independent Component Analysis (ICA) to eliminate electro-ocular artifacts, ECG utilizes 

wavelet thresholding for noise reduction to remove electromyographic interference, while EDA 

applies moving average filtering to smooth baseline drift. All signals undergo Z-score 

normalization for standardized quantification, ultimately producing clean time-series signals.  

Feature Extraction and Fusion Module: This module combines traditional methods with 

deep learning to achieve feature processing. For the preprocessed signals, two parallel paths are 

executed: The traditional path extracts time-domain (mean, variance) and frequency-domain 

(power spectrum) features; The deep learning path utilizes a CNN-LSTM network to extract 

deep features. Finally, feature concatenation is applied to achieve fusion, outputting a 

128-dimensional fused feature vector.  

Emotion Assessment Module: The core component features a pre-trained deep neural 
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network model that processes input fusion feature vectors to generate emotion state evaluations. 

It supports two assessment modes: the classification mode outputs three categorical labels 

("positive/negative/neutral") with confidence scores, while the regression mode produces 

continuous values across three dimensions (pleasure, arousal, dominance) within the [-1,1] range. 

The model maintains inference latency under 100ms.  

Result visualization module: The evaluation results are converted into intuitive visual 

interface, including emotional state time curve, three-dimensional emotional space distribution 

(pleasure-arousal-dominance), and signal quality index. It supports data storage and export for 

subsequent analysis.  

4.1.2 System workflow  

The system employs an assembly-line workflow to achieve end-to-end dynamic evaluation: 

Sensor calibration and parameter configuration, setting sampling rates, preprocessing algorithm 

parameters, and model inference modes, while establishing a data buffer queue (capacity for 10 

seconds of data). The sensor array continuously collects multi-source signals, which are 

timestamp-aligned and stored in the buffer queue, triggering the processing workflow every 

500ms. The latest 1-second signals are extracted from the buffer queue, undergo noise reduction 

and normalization processing, and output standardized signal matrices. Traditional features and 

deep learning features are extracted in parallel, fused to generate feature vectors with update 

frequency matching the processing trigger rate. These feature vectors are fed into an emotion 

evaluation model to output real-time emotional state results while updating the buffer queue 

(removing outdated data). Real-time updates of emotional status curves and distribution charts 

occur, triggering warning prompts when detecting abnormal emotions (e.g., arousal> 0.8 

sustained for 30 seconds).  

The process is implemented by sliding window mechanism to achieve dynamic evaluation, 

time resolution rate of 500ms, can capture the rapid fluctuation of emotion.  

4.2 Dynamic evaluation model design  

4.2.1 Model construction considering time series  

The dynamic nature of emotional states requires models to capture the temporal 

dependencies of physiological signals. A hybrid model based on Long Short-Term Memory 

(LSTM) has become the mainstream choice. The model input is a fused feature sequence within 

a sliding window (window size 3s, step size 0.5s), which contains three core layers:  

Time sequence encoding layer: adopts the bidirectional LSTM structure, where the forward 
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LSTM captures future feature dependence and the backward LSTM captures historical feature 

dependence. Each layer contains 64 neurons and outputs the hidden state of the sequence 

(dimension 128).  

Attention layer: The weight distribution of temporal features is calculated through the 

spatial attention mechanism, and the moments sensitive to emotional changes (such as feature 

mutation points) are given higher weights to enhance the attention of the model to key temporal 

fragments.  

Output layer: A dual-branch structure is adopted. The classification branch outputs the 

probability distribution of three emotions through Softmax activation, and the regression branch 

outputs the value of three emotion dimensions through linear activation to realize multi-task joint 

learning.  

Through the cumulative learning of temporal features, the model can effectively distinguish 

transient emotional fluctuations (such as fright response) from persistent emotional states (such 

as long-term anxiety), and the temporal prediction accuracy on DEAP data set reaches 82.3%, 

which is better than the traditional static model (76.5%).. 

4.2.2 Model parameter adjustment and optimization  

In order to improve the generalization ability of the model, the parameter optimization 

adopts three strategies:  

Hyperparameter search: The key hyperparameters are searched by Bayesian optimization 

algorithm, including learning rate range [1e-4,1e-2], number of LSTM hidden layer neurons, 

number of attention heads, and the objective function is the F1 value of the verification set. The 

optimal combination is determined by 5-fold cross validation. 

Regularization optimization: L2 regularization (coefficient 1e-5) is introduced in the full 

connection layer, and Dropout (ratio 0.3) is adopted in the LSTM layer to suppress overfitting 

and control the difference between the accuracy of training set and verification set within 5%.  

Dynamic learning rate: Cosine annealing strategy is adopted, the initial learning rate is 

0.001, and it is attenuated to 0.8 times of the current value every 10 epochs to balance rapid 

convergence in the early stage and fine adjustment in the later stage. The total training epochs are 

set to 50  

The optimized model showed a 8% decrease in accuracy in cross-data set test (from DEAP 

to SEED), showing strong generalization ability.  

4.3 System Performance Indicators and Evaluation Methods  
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4.3.1 Accuracy, recall rate and other indicators  

The system performance evaluation adopts a multi-dimensional index system, covering 

classification and regression tasks:  

Classification task metrics: Accuracy (Acc) measures overall classification correctness, 

Recall (Rec) evaluates the completeness of emotion recognition for each category, F1 combines 

accuracy and recall, while Macro-F1 eliminates the impact of category imbalance. In the 

balanced three-emotion dataset, the target values are Acc> 80% and Macro-F1> 0.75.  

Regression task metrics: The prediction accuracy of emotional dimensions was evaluated 

using root mean square error (RMSE) and mean absolute error (MAE). The target values on the 

DEAP data set were RMSE <0.25 and MAE <0.18.  

Real-time indicators: End-to-end delay (from signal acquisition to result output) <500ms, 

model reasoning delay <100ms, meeting the real-time requirements of dynamic evaluation.  

4.3.2 Evaluation data set and experimental setup  

The evaluation experiment adopts a combination of open data set and self-built data set:  

Data sets: DEAP (32 subjects, 40 video stimuli) and SEED (15 subjects, 15 video stimuli) 

were selected as the benchmark data sets, and the self-built data set contained physiological 

signals and emotional labels of 20 subjects in real environments (office and leisure scenes) to 

improve the ecological effectiveness of the evaluation.  

Experimental setup: The hardware configuration includes an Intel Core i7 processor and 

NVIDIA RTX 3090 graphics card, with the software running on the Python3.8+PyTorch1.10 

framework. The comparison model consists of traditional machine learning methods (Support 

Vector Machines, Random Forest) and deep learning models (Convolutional Neural Networks, 

vanilla LSTM). Performance metrics were calculated using 5-fold cross-validation to compute 

average values, with t-tests employed to analyze significant differences in performance (p<0.05). 

 

Experimental results show that the Macro-F1 ratio of the designed system is 3.2%-7.5% 

higher than that of the comparison model on the open data set, and the accuracy rate is 81.2% on 

the self-built data set, which verifies the effectiveness and practicability of the system. 

 conclusion  

This study focuses on the design of a dynamic evaluation system for emotional state based 

on multi-source heterogeneous physiological signal fusion based on deep neural network. 

Through theoretical analysis and architecture design, the following core conclusions are formed: 
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The integration of multi-source heterogeneous physiological signals is a critical approach to 

enhance the accuracy of emotion assessment. Studies have shown that single physiological 

signals (such as EEG and ECG) exhibit limitations in emotional evaluation due to information 

bias and susceptibility to interference. By employing fusion strategies at the data layer, feature 

layer, or decision-making layer, we can integrate multidimensional information including EEG's 

central nervous system characteristics, ECG's autonomic nervous system features, and EDA's 

arousal metrics, significantly improving assessment robustness. Notably, feature-layer fusion 

combined with deep learning methods (e.g., CNN-LSTM cross-modal feature extraction) 

demonstrates optimal performance, achieving Macro-F1 scores on the DEAP dataset that 

improve by 11.2%-18.7% compared to single-signal evaluation. 

Deep neural networks provide an efficient modeling tool for dynamic emotional assessment. 

The Long Short-Term Memory Network (LSTM) and its variants (such as bidirectional LSTM 

with attention mechanisms) effectively capture temporal dependencies in physiological signals, 

addressing the challenge of modeling dynamic emotional states. The designed dual-branch 

output model (classification + regression) simultaneously outputs both emotional category labels 

and dimensional values. On the SEED dataset, the model achieves a temporal prediction 

accuracy rate of 82.3%, while keeping the root mean square error (RMSE) of emotional 

dimension predictions below 0.23, meeting the real-time and precision requirements for dynamic 

assessment.  

Finally, the modular system architecture has enabled engineering implementation of 

emotion assessment. Through a layered design encompassing data acquisition, preprocessing, 

feature fusion, evaluation reasoning, and visualization, the system maintains end-to-end latency 

under 500ms while supporting real-time dynamic assessments across multiple scenarios. Testing 

on self-built real-world datasets demonstrated an accuracy rate of 81.2%, representing a 9.4% 

improvement over traditional machine learning methods like Support Vector Machines (SVM). 

This validation confirms the system's effectiveness and practical applicability. 
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