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ABSTRACT 

Sentiment analysis is an aspect momentous for application in the 
future. Especially, emotional stress estimation helps improve our 
life. In this paper, we solved the problem of stress sub-challenge 
of Multimodal Sentiment Analysis 2022 (MuSe2022). The aim of 
the stress task is to predict continuous levels of arousal and 
valence in continuous times based on audio, video, text and 
biological signals. In this work, we conducted two steps: feature 
late fusion and stress estimation. First, various features are 
provided by the sub-challenge. So we take the strategy of 
combining features to extract feature fusion. We combined 
DEEPSPECTRUM and eGeMAPS for arousal; 
DEEPSPECTRUM, FAUS and Physiological signals for valence 
by Gated Recurrent Unit (GRU) for multimodal fusion. Second, 
the valence and arousal prediction were based on combining three 
ingredients such as Local Attention, GRU, and Bayesian NetWork. 
The Concordance Correlation Coefficient (CCC) loss function 
was applied during model training. Our method achieved the good 
CCC performance of 0.640 on a combination of valence and 
arousal on the challenge of the development set, which 
outperforms the baseline method with a corresponding CCC of 
0.618 (Audio and Video) on a combination of arousal and valence. 

KEYWORDS 
ULM-TSST, GRU, Bayesian Network, Local Attention, Stress 
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1 INTRODUCTION 

Stress is triggered by a physiological and/or psychological event 
[16] Stress is a serious problem in modern society. If stress 
develops chronically, it can have negative health issues, such as 
decreased mental performance, raised blood pressure, lower body 
recovery, etc [30]. As a result, it can cause low productivity and 
dissatisfaction with life. Therefore, it is important to manage 
continuous stress. Also, the effects of stress on health and 
performance can vary depending on an emotion of a person about 

stress [8]. Thus, continuous emotional stress estimation help 
improves our life. 

 Biological signals are measures of human body processes 
over time [18] which was divided into physical and physiological 
signals. The measures of body change are the physical biological 
signals such as muscle activity, eyes, blinks, head, body, facial 
expressions, voice, etc. Physiological signals are related to some 
signals of the body, such as Electrocardiogram (ECG) related to 
cardiac activity, Respiration (RESP), Heart Rate (BPM), and 
Electrodermal activity (EDA) related to the exocrine activity. 
Electrocardiogram(ECG) is the value of the activity of the heart 
contractile activity. Heart Rate (BPM) is the number of heart beats 
per minute, which measured in bpm and the most widely adopted 
and measure to stress estimate. Respiration (RESP) is measured 
by breath sensors, which estimate the number of air exchange of 
the lungs. Most studies use RESP and combine it with bio-signals 
for calculating the stress level of the objects. Electrodermal 
activity (EDA) is measured as electricity flow through the skin. 
Even slight changes in the amount of sweat which change the 
electrical conductivity of the skin [13]. 

Sentiment Analysis (SA) is the computational study of 
people’s sentiments, emotions and attitudes toward an entity [22]. 
In other words, SA can be used to automatically estimate the 
value of the valence or polarity, whether it is positive, negative, or 
neutral [23]. SA achieves various benefits in our life. For example, 
SA can measure customer satisfaction, check customer sentiments 
when shopping, and forecast movie sales [17, 20, 27, 33]. 
Therefore, SA is applying in many domains and a growing field of 
research influenced by other domains such as text mining, 
machine learning, natural language processing, etc [34]. Therefore, 
SA is a momentous aspect for application in the future. 

The Multimodal Sentiment Analysis Challenge (MuSe) 2022 
is dedicated to multimodal sentiment and emotion recognition. 
There are three sub-challenges : Humor Detection Sub-Challenge 
(MuSe-Humor), Emotional Reactions Sub-Challenge (MuSe-
Reaction) and Multimodal Emotional Stress Sub-challenge 
(MuSe-Stress). The goal of MuSe-Humor is to detect the presence 
of humor in the football press conference recordings based on the 
novel Passau Spontaneous Football Humor (Passau-SFCH) 
dataset. MuSe-Reaction aims to predict the intensities of seven 
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self-reported emotions (Adoration, Amusement, Anxiety, Disgust, 
Empathic Pain, Fear, Surprise) from user-generated reactions to 
emotionally evocative videos. It is based on the novel Hume-
Reaction dataset. MuSe-Stress predicts the valence level and 
psycho-physiological arousal level over time continuously from 
audio-visual recordings. It is based on the Ulm-Trier Social Stress 
Test dataset (ULM-TSST) about people in stressful dispositions 
[7]. And It consists of audio, video, text and biological signals. In 
this paper, we present our solutions to the Multimodal Emotional 
Stress Sub-challenge (MuSe-Stress). 

In this study, we solved the problems of stress estimation. Our 
contributions are summarized as the following: 

• Using features which were extracted from the deep 
learning model.  

• Using late fusion strategy to enhance performance. 
• Combination of GRU, local attention and Bayesian 

Neural Network for sentiment analysis. 
• Conducting experimental with a lot of method to 

compare with the baseline and our method. 
This paper is structured as follows : section 2 is related work, 

section 3 is proposed method and section 4 is  the experimental 
results and finally, the conclusion in section 5. 

2 RELATED WORK 

This section focuses on the extract features, models, and 
multimodal fusion used in Audio/Visual Emotion Challenge 
(AVEC), which is the predecessor of MuSe. 

2.1 Extract features 

Multi-modal data is helpful to sentiment analysis as it provides 
more information. MuSe's predecessor, AVEC has been 
investigating various multimodal features. Before the deep 
learning area, handcrafted features were used for regression. 
Sánchez-Lozano et al. [29] have extracted the Local Binary 
Patterns (LBP) and Gabor from the visual modality and low-level 
descriptors (LLD) to the audio modality. As deep learning 
developed, various excellent models could be developed. Shizhe 
Chen et al. [5] used different hand-crafted and deep learned 
features from acoustic, visual, and textual modalities in AVEC 
2017. Zhao et al. [35] introduced the learned audio features using 
the pretrained VGGish model in AVEC 2018. Chen et al. [4] 
combined a pre-trained 2D-CNN and a 1D-CNN for learning deep 
spatial-temporal features from video and audio in AVEC 2019. 

2.2 Models 

Support Vector Machine Regression (SVR) was often used in the 
past [25]. However, other methods have been devised because 
they cannot deal with temporal and contextual features on 
emotion recognition or sentiment analysis. It is the Recurrent 
Neural Network (RNN) and Long Short-Term Memory (LSTM). 
RNN and LSTM consider the previous state because the 
connection between units has a cyclic structure. In recent AVEC, 
1st winners have been used the LSTM for continuous sentiment 
analysis. Also, Sánchez-Lozano et al. [5] used LSTM and SVR  to 

overcome the overfitting problem in AVEC 2017. Sun et al.[32], 
the winners of MuSe2020, used the LSTM recurrent neural 
network, adding the self-attention mechanism. Convolutional 
Neural Network (CNN) is a great model for extracting features 
from tasks. Xingchen Ma et al. [21] used a combination of CNN 
and LSTM to use more efficient audio representations. 

2.3 Multimodal Fusion 

Because emotions are recognized through multiple modalities, it 
is important to use multi-modal fusion. There are three ways to 
combine the multiple modalities: early fusion, model fusion and 
late fusion. Early fusion is the insertion of all features into a single 
model at once, and late fusion is the combination of the 
predictions of multiple models from each combination of features. 
Huang et al. [15] showed that late fusion is better than early 
fusion for predicting arousal/valence in AVEC 2018. Chen et al. 
[4] proposed a method to utilize both early fusion and late fusion 
using Bidirectional Deep Long Short-Term Memory networks 
(BDLSTM) in AVEC 2019. 

3 PROPOSED METHOD 
In this section, we present the proposed method for level 
continues emotional stress estimation. Our method proposed 
based on two steps: Feature fusion and estimation the value of the 
stress. For step 1, the DEEPSPECTRUM and eGeMAPS features 
were combined by feature late fusion strategy to create new 
features for arousal prediction, illustrated in Figure 1. Similarly, 
new features of the valence were combined by the 
DEEPSPECTRUM, FAUS and physiological signal features, 
illustrated in Figure 2. For step 2, Our method conducted a 
combination of ingredients, such as Local Attention, GRU, and 
Bayesian Network (Figure 3) for the stress prediction. 

3.1  Gated Recurrent Unit 

Figure 1: Feature late fusion for Valence. 

Figure 2: Feature late fusion for Arousal. 
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In 2014, Cho et al. [6] introduced the Gated Recurrent Unit (GRU) 
to solve the problem about vanishing gradient, which appears 
from a standard Recurrent Neural Network (RNN). The vanishing 
gradient problem of a standard RNN was solved by GRU, which 
was used to update gate and reset gate. These two gates decide on 
the information to be transmitted to the output. The training 
process will help keep and remember information over time and 
remove unnecessary information. Because of the simpler 
construction, GRUs are quicker to train. 

3.2  Bayesian Neural Network 
The main idea of a Bayesian Neural Network [3, 10] is to use 
weights from a normal distribution (Equation 2, 3, 4) instead of 
using a defined weight (Equation 1). So that the parameters of the 
network are decided by calculating mean and variance. We have 
the formula as below: 

𝑎𝑎(𝑖𝑖+1) = 𝑊𝑊(𝑖𝑖+1). 𝑧𝑧(𝑖𝑖) + 𝑏𝑏(𝑖𝑖+1) (1) 

𝑊𝑊(𝑛𝑛)
(𝑖𝑖) = 𝑁𝑁(0,1) ∗ log�1 + 𝜌𝜌(𝑖𝑖)� + 𝜇𝜇(𝑖𝑖) (2) 

𝑏𝑏(𝑛𝑛)
(𝑖𝑖) = 𝑁𝑁(0,1) ∗ log�1 + 𝜌𝜌(𝑖𝑖)� + 𝜇𝜇(𝑖𝑖) (3) 

𝑎𝑎(𝑛𝑛)
(𝑖𝑖) = 𝑊𝑊(𝑛𝑛)

(𝑖𝑖) x 𝑧𝑧(𝑛𝑛)
(𝑖𝑖) + 𝑏𝑏(𝑛𝑛)

(𝑖𝑖)  (4) 

 
Where 𝑎𝑎 is the output, 𝑏𝑏 is the biases, 𝑊𝑊 is the wrights, 𝑧𝑧 is the 
activate function, 𝜌𝜌 is standard deviation and 𝜇𝜇 is the mean on the 
𝑛𝑛th sample of the layer 𝑖𝑖th. 

Bayesian learns about probability distributions of a neural 
network on the weights, which are used in regression problems to 
gather confidence interval for data. 

3.3  Local Attention 
Local attention layer [2, 24, 26] used the window attention to slide 
on processing. The size of the window is fixed and overlap. This 
process helps to learn local information and combine information 
in overlapping. 

4 EXPERIMENTS 

4.1 Dataset 

The MuSe Stress provides by MuSe challenge 2022 [7], which 
predicts valence and arousal on the continuous levels. The dataset 
is based on the Ulm-Trier Social Stress Test dataset (ULM-TSST). 
It comprises 69 participants (20 males and 49 females) and 
includes about 6 hours (cf. Table 1). The dataset includes set 
features such as the audio, video, text and physiological signals 

(ECG, RESP and BPM). Moreover, the MuSe-Stress in this year 
uses the labels of the previous years of the MuSe-Physio task [31] 
as the arousal gold standard. 
Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) [11] 
was extracted from the OPENSILE toolkit [12], the acoustic 
features that can catch affective changes in voice. 

DEEPSPECTRUM [1] was utilised pre-trained 
Convolutional Neural Networks. The MuSe-Stress used 
DENSENET121 [14] pre-trained on ImageNet [28]. The 
DEEPSPECTRUM is effective for sentiment analysis. 

With Facial Action Units (FAUs) was related with 
expression emotion which was proposed by Ekman et al. [9]. 20 
different FAUs were extracted by using PY-FEAT. 

Table 1: Details of partitions in MuSe-Stress dataset. 
 

Partition ULM-TSST 
Number of videos Stress duration 

Train 41 3:25:56 
Devel 14 1:10:50 
Test 14 1:10:41 
Total 69 5:47:27 

4.2 Experimental setup 
The Pytorch Deep Learning toolkit was used in stress task. In the 
training process, we used a window length of 200 steps and a hop 
length of 100. The GRU applied 2 layers and 64-dimensional 
hidden states. Our methods are trained in 100 epochs with an 
initial learning rate of 0.002 and Adam optimizer [19]. We 
repeated the training with 20 seeds to get the best CCC score. The 
reduce learning rate was used for training all stages. 

In sub-challenge, we used the Concordance Correlation 
Coefficient (CCC) loss function the same as the MuSe2022 
challenge [7]. The CCC loss was defined: 

ℒ = 1 − 𝐶𝐶𝐶𝐶𝐶𝐶  

𝐶𝐶𝐶𝐶𝐶𝐶 =
2𝜌𝜌𝜎𝜎𝑌𝑌�𝜎𝜎𝑌𝑌

𝜎𝜎𝑌𝑌�
2 + 𝜎𝜎𝑌𝑌2 + (𝜇𝜇𝑌𝑌� − 𝜇𝜇𝑌𝑌)2

 (1) 

where  𝝁𝝁𝒀𝒀� was the mean of the predict 𝒀𝒀� , 𝝁𝝁𝒀𝒀 was the mean of the 
label 𝒀𝒀, 𝝆𝝆 was the Pearson Correlation Coefficient between 𝒀𝒀� and 
𝒀𝒀, 𝝈𝝈𝒀𝒀�  and 𝝈𝝈𝒀𝒀 were the corresponding standard deviations. 

4.3 Results 

Table 2 presents the results of step 1 of our method. We used only 
the GRU model for each feature to prediction. We changed to 
window size (200) and hop size (100). The result demonstrates the 
audio feature gives better than video and physiological signal. 
Specifically, DEEPSPECTRUM and eGeMaps got 0.540, 0.541 

Figure 3: An overview of valence/arousal prediction system. 
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higher than baseline respectively 0.494, 0.460. Moreover, 
DEEPSPECTRUM gave the best results with unimodal. 

With feature fusion, we conducted combine 
DEEPSPECTRUM and eGeMAPS for arousal prediction; 
DEEPSPECTRUM, FAUs and Physiological Signal for valence 
prediction. We have experiments based on the combination of 3 
components: Local Attention, GRU, and Bayesian Network. The 
results are presented in Table 3. The arousal achieved the best 
results when combining GRU and Bayesian Network, 0.641, 
respectively. The valence achieved the best results of the baseline, 

0.691, respectively. The combination of valence/arousal achieves 
the best results when combining Local Attention, GRU, and 
Bayesian (LAGB) or Local Attention and GRU (LAG), 0.640, 
respectively. The LAGB and the LAG are better than baseline, 
0.640 and 0.618, respectively. The results of LAGB and LAG are 
equal, however, the valence of the LAGB is better than the LAG. 
Although it is only a small change, there is potential to improve 
the prediction. 

 

Table 2: Feature late fusion: Predicted results of Valence, Arousal of MuSe-Stress, Combined (𝟎𝟎.𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓 +  𝟎𝟎.𝟓𝟓𝟓𝟓 𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚), As 
feature sets, we used DEEPSPECTRUM, eGeMAPS for audio (A); FAUs for video (V); and Physiological Signal with development 
set. 

 
 
 

  

 

Table 3: Stress estimation: Predicted results of Valence, Arousal of MuSe-Stress, Combined (𝟎𝟎.𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓 +  𝟎𝟎.𝟓𝟓𝟓𝟓 𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚𝐚), As 
feature late fusion, we used DEEPSPECTRUM, eGeMAPS for audio ; FAUs for video; and Physiological Signal with development 
set, where A is Audio, V is Video, T is text, and P is Physiological signal features. 

 
 
 

  

 

 

 

 

5 CONCLUSIONS 

In summary, this paper argued that we conducted experimental to 
the MuSe-Stress 2022. We used features from deep 
representations of common modalities (i.e., audio, video, and 
physiological signal). GRU applied to keep information over time 
for sentiment analysis. Feature fusion strategy improves 
performance to predict valence/ arousal. To enhance of the model, 
we combined GRU, Local Attention and Bayesian Network as 
model prediction. Experimental results show that our proposed 
model outperforms the baseline method. We demonstrated that 
our results were better when the multimodal features were 
combined since each feature contributed differently to the 
sentiment analysis process. 
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