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Abstract

Affectiva AFFDEX, Emotient FACET, openSmile and openVokaturi are four emotion
recognition systems with different architectures and trained on different training
datasets. The training datasets of these four systems contain only a small amount of
Asian data, and there are no reports about the performance of the systems on Asian
data. In this study, 45 speech videos and audios of Chinese politicians and 212
speech videos and audios of politicians from other countries were collected and
processed using the four systems. In addition, two video datasets, RAVDESS and
CASME Il, and one audio dataset, EMO-DB, with emotion labels were used as
baselines in this study. In the dataset of Chinese politicians, the speech texts were
transcribed by using Amazon Transcribe. The emotions in the texts were identified
through textual sentiment analysis with two Chinese sentiment lexicons, HowNet
and National Taiwan University Sentiment Dictionary (NTUSD). The consistency and
difference of the emotion recognition results were tested by using statistical
methods including the Mann-Whitney U test, Spearman correlation coefficient,
McNemar test, Cohen’s Kappa, etc. Ultimately, it was found that the consistency of
the results from the systems on Chinese data was weaker than that on data from
other countries. The consistency among the results of facial emotion recognition,
speech emotion recognition, and textual sentiment analysis was very weak or even
inconsistent. Finally, this study also validated the correlation between emotion and
action unit (AU) and acoustic features using the Spearman correlation coefficient.
The results of the experiment revealed correlations between Joy and AU12,
correlations between Anger and AU6, AU4, AU23 and AU24, and differences in
fundamental frequency (FO) in different languages and different genders, which
validated previous findings. Ultimately, future work is proposed, including using
approaches such as machine learning to improve the accuracy of textual sentiment
analysis and implementing the fusion of different emotion analysis results based on
fuzzy logic to improve the accuracy of emotion recognition.
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Chapter 1 Introduction

1.1 Emotion Detection in Facial Expression, Speech and Text

Emotion detection is an important component in the field of artificial intelligence,
which to a certain extent improves the intelligence of human-machine interaction.
People can easily sense a person's emotions through facial expressions, gestures,
voice and the content of their speech, etc. For machines, emotion recognition
systems are used to detect emotions expressed by non-verbal communication, and
textual sentiment analysis techniques can be used to analyse the emotions
expressed in verbal communication. Common emotion recognition systems include
facial emotion recognition (FER) systems and speech emotion recognition (SER)
systems.

AFFDEX, developed by Affectiva Inc., and FACET, developed by Emotient Inc., are
two commercial FER systems. Both systems are built on the Facial Action Coding
System (FACS) developed by Ekman and Friesen [20]. Through face recognition and
automatic facial expression recognition technology, both systems identify action
units on the human face and make emotion predictions based on them. Previous
studies have shown that both systems can recognize emotions well. Currently,
Emotient was acquired by Apple and both systems are available through the
iMotions software.

Examples of SER systems are openSmile and openVokaturi, both of which are
currently available for free. When audio is passed into the openSmile and
openVokaturi, the acoustic features of the audio are extracted, and based on these
features, the system makes predictions about the emotion of the audio.

A simple approach for textual sentiment analysis is to use a sentiment lexicon to
analyse the positivity and negativity of words in the text. In contrast to emotion
recognition systems, text analysis is difficult to detect specific emotions and can
only analyse whether the emotion is positive or negative. Currently, sentiment
lexicons are being constructed in different languages, for example, English
sentiment lexicon SentiWordNet [7], Chinese sentiment lexicons HowNet [15] and
the National Taiwan University Sentiment Dictionary (NTUSD) [39].

In reality, there can be inconsistencies in emotions expressed by facial expression,
voice and content of speech, which is known as ‘emotional leakage’. The term
‘emotional leakage’ was first introduced by Ekman and Friesen [19], who believed
that when people try to lie to others, their true emotions may leak out from their
facial expressions. In some studies [4][59], researchers have attempted to combine
the results of multiple emotion detection to construct multimodal emotion



recognition systems. This type of system can consider the problem of ‘emotion
leakage’ and can also combine the advantages of individual unimodal emotion
detection systems, thus improving the accuracy of the detection result.

1.2 Research Contributions

In this study, the performance of four emotion recognition systems, Affectiva AFFDEX,
Emotient FACET, openSmile and openVokaturi, with different architectures and
training datasets were tested to examine the difference and consistency of their
emotion detection results for the same sample. Due to the lack of previous studies
on Asian data, this study has collected speech videos of Chinese politicians from
Mainland China. To ensure the integrity of the study, speech videos of politicians
from other countries were also collected and analysed for comparison purposes. In
addition, two video datasets with emotion labels, Ryerson Audio-Visual Database of
Emotional Speech and Song (RAVDESS) and Chinese Academy of Sciences Micro-
expression Database Il (CASME II), and one audio dataset with emotion labels, Berlin
Speech Emotion Database (EMO-DB), are used as baselines. Experiments will be
performed on data of different ethnicities, languages, genders and ages to observe
whether the performance of the systems is independent of ethnicity, language,
gender and age. Meanwhile, for the dataset of Chinese politicians, this study used
Chinese sentiment lexicons including HowNet and NTUSD for sentiment analysis of
speech texts and compared the results with those of emotion recognition systems to
examine their consistency and differences. Finally, this study validated the physical
correlates of emotion in the dataset used and examined whether the physical
correlates of emotion are independent of ethnicity, language, gender, and age. The
results of this study will provide suggestions for the construction of multimodal
emotion detection systems.

This study contains the following research questions:

Research Question 1: Can emotion recognition systems with different architectures,
training and testing methods have consistent emotion detection results for the same
sample?

Research Question 2: Can the results of textual sentiment analysis and the emotion
detection results of emotion recognition systems support each other for Chinese?

Research Question 3: Are the physical correlates of emotion independent of ethnicity,
language, gender and age?

1.3 Dissertation Structure

This dissertation will include the following 4 sections. In Chapter 2, relevant



previous studies on emotion detection in facial expression, speech and text will be
reviewed and summarized, and contributions of this research will be discussed. In
Chapter 3, the design of the experiment will be described in detail, including the
collection of the videos, pre-processing of videos and audios, the acquisition of
sentiment data, textual sentiment analysis, the statistical methods used, etc. In
Chapter 4, the results of the experiments will be presented and discussed. Finally,
Chapter 5 will summarize the findings of this study and discuss the limitations and
future work.



Chapter 2 Motivation and Literature Review

Emotions can be expressed in a variety of ways, the more common of which is
through facial expressions, voices and speech texts. In this chapter, a summary of
previous research on the analysis of emotion in facial expression (2.1), vocal
expression (2.2) and texts (2.3) will be presented, and the contribution of this
research will be described (2.4).

2.1 Facial Expression

Facial expression is one of the relatively intuitive ways of expressing emotions. The
human face contains many muscles, as shown in Figure 1, which play a significant
role in controlling facial expressions. The realization of an expression can be the
outcome of a single muscle or the combined effect of multiple muscles. For
example, the occipitofrontalis muscle controls the raising of the eyebrows, and the
levator labii superioris, levator labii superioris alaeque nasi and zygomaticus minor
muscles cooperate to control the raising of the upper lip [11].

Next, | will introduce the Facial Action Coding System (FACS) and the studies on the
relations between action units and emotions (2.1.1), the construction of the FER
systems (2.1.2), and summarise the outcomes of the studies on the performance of
the FER systems (2.1.3).

\  Orbicularis ocull musdle
| / (orbital portion)

Temporoparietalis musde ¥ / - > Uovator bl supadoris
‘muscle

Orbicularis oculi
Zygomascus minor muscle

) 2ygomatcus mejor
musde

@ nasi muscH

Depressor septimusde
Levalor angul oris musdle

Parosd duct; buccal fat pad

Masseter musde (superbcial part)
Orbicularis oris muscle

¥ —Pratyama musce

Mental foramen

Depressor angull onis muscle

JF Dopressorabi inkeciris musdia
Stemociesdomasioid muscle

Platysma musde

Extemal (investing) laye cerical fascia

Depressor labi inferioris muscle
Depressor angul oris musde

Figure 1  Muscles of Facial Expression [11]



2.1.1  Facial Action Coding System

To facilitate the research and application of human facial expression, the Facial
Action Coding System (FACS) was proposed. The first attempt to encode facial
expressions was made in 1969 by the Swedish anatomist Hjortsjo, and he encoded
23 facial expressions [28]. Subsequently, Ekman and Friesen established FACS
based on Hjortsjo’s work in 1976 [20]. Eventually, Ekman et al. updated FACS
further in 2002 [21]. The action units in FACS currently used can be divided into
three categories, which are the main action units, the head movement action units
and the eye movement action units. The facial muscles associated with each action
unit may be single or multiple. These action units can encode each individual facial
motion. Table 1 shows some of the action units from the main action unit and the
possible emotions associated with them.

Table 1 Example Action Units and Possible Emotions (Images Are Obtained from
Farnsworth [25])

Action Unit Description Example Possible Emotion
AU4 Brow Lowerer Anger

AU6 Cheek Raiser Joy

AU9 Nose Wrinkler Disgust, Anger
AU10 Upper Lip Raiser Disgust

AU12 Lip Corner Puller Joy

AU17 Chin Raiser Sadness

AU22 Lip Funneler Not obvious
AU28 Lip Suck Not obvious

The establishment of FACS has enabled various facial expressions to be
represented concisely and clearly. Based on FACS, many studies have been
conducted on the relationship between facial expressions and emotions in



different cultures. Some of the studies focused on the relationship between
emotions and posed expressions. Du et al. analysed the posed expression of 21
emotions in 230 subjects in their study, and these subjects included races such as
Caucasian, Asian, African American, and Hispanic [17]. Cordaro et al. analysed the
relationship between posed expressions and 22 emotions in 119 subjects from
China, India, Japan, Korea, and the United States [12]. The experiment held by
Keltner et al. involved subjects from 10 countries including China, Japan, Korea,
and New Zealand, and the relationship between 18 emotions and posed
expression was analysed [35]. Other studies have focused on the relationship
between emotions and spontaneous expressions. The study of Lucey et al. was
based on the Extended Cohn-Kanade dataset (CK+), which includes posed
expression and spontaneous expression of 123 subjects with 81% Euro-Americans,
13% African-Americans, and 6% other groups [46]. This dataset was also used in
the study of Velusamy et al., in addition to this, they used datasets including the
Intelligent Systems Laboratory (ISL) database, FACS, the Japanese Female Facial
Expression (JAFFE) Dataset, MindReading and video data they collected in the
laboratory [67]. Matsumoto et al. also analysed the relationship between
spontaneous expression and the 8 emotions through a summary of 26 previous
studies [50]. Table 2 shows a summary of the relationship between the 6 basic
emotions, including anger, joy, sadness, surprise, disgust and fear, and action units
in the 6 previous studies mentioned above.

Table 2 Studies on the Relationship Between a Given Emotion and Action Units (AU)

Action Studies on
Unit Surprise | Disgust
AUL [17](35][46][50] = [12][17](35](46] [12][17](35][46]
[67] [501[67] [501(67]

[67] [12][171(35](46] [12][17](35][46]
AU2 [501[67] [50]
AU4— [12][17][35][50] [12][17][35][46] [12][17][67] [171[35][46][50]

[67] [50][67] [67]
AU5 [35][50] [12][17][35][46] [12][17][35][46]

[50](67] [50][67]
AU6 [12][27](35][50] = [17][35][46] [12](67]
[67]
AUT7 [12](27](501(67] | [12](35] [12](35](67] [12](35](67]
[12][17][35][46]
AU9 [50][67]
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AU11 (17](48]
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AU12 (501[67]
AU15 [17](35](46](50]
[67]
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AU17 [17][35][67] [17](351(501(67] [17](67]



AU20 [17][35](50][67]

AU22 (01
[17][35][46][50] = [67]
AU23 (6]
AU24 [17][35](46](50] [17]
AU25 [12][27](35] [207)35](50] (121351050 [12][17](35]{50]
AU26 [12](35](67] [12]117)(35](50] [12)(35](50]  [12][17][50]
[67]
AU27 [12] [12]167) [12] [12]
AU43 L

Summarising Table 2 according to the degree of consensus on the relationship
between particular emotions and AU in these six studies, Table 3 can be obtained.
It can be observed that all 6 studies considered AU12 to be related to Joy and AU9
to be related to Disgust. Meanwhile, these two AU were found to be related only
to the corresponding emotion suggesting that Joy and Disgust are two pure
emotions. For Surprise and Fear, all six studies found that AU1 and AU5 were
related to them. In addition to this, in Surprise, all six studies found AU2 to be
associated with it. From the results, it seems that the facial expressions of these
two emotions are relatively similar. For Sadness, AU4 was found to be related to
this emotion in six studies, but five studies found that AU4 was also related to
Anger and Fear, so the possibility of Sadness cannot be fully determined based on
AUA4. In addition, five studies found that AU15 was only associated with Sadness. In
contrast, for Anger, the six studies had no consensus on the relationship between
AU and it, and only five studies considered AU4 and AU23 to be associated with it.

Table 3 Relationship Between Specific Emotion and Action Units (AU) (Ranking Based
on the Degree of Consensus in the 6 Previous Studies (From Highest to Lowest))

Degree of Anger Sadness Surprise  Disgust

Consensus

(3] AU12 AU4 AU1, AU2, AU9 AU1, AU5

AU5

5 AU4, AU23 | AU6 AU1, AU15 AU26 AU2, AU4
AU7, AU24 AU17 AU25 AU10 AU20, AU25

3 AU17 AU25, AU26 @ AU6 AU4, AU7, AU7, AU26

AU25, AU26

2 AU5 AU7 AU11 AU27 AU6, AU17
AU2, AU10, AU10, AU16, AU10, AU43 AU24, AU27  AU27
AU22 AU23, AU27

It is evident from the results of these studies that there is disagreement in the
association between some of the action units and emotions, which may be due to
the differences in gender, age and ethnicity in the datasets used in these studies.



Some studies have also shown differences in facial expression across ethnicity,
gender and age. The study by Jack et al. [30] found that Western Caucasians
showed greater variation in their facial expression of the six basic emotions,
including anger, happiness, surprise, fear, disgust and sadness, and were able to
form six different models, whereas East Asians showed greater overlap in their
expression of these emotions, which suggests that there are differences in the
expression of emotions across races. McDuff et al. [51] found differences in
emotional expression across cultures, which include individualistic and
collectivistic cultures, and genders through analysis of a large sample. One study
showed that there are differences in facial expression between the elderly and the
young, as facial muscles atrophy with age and facial expression is affected as a
result [26].

2.1.2  Facial Emotion Recognition Systems

Initially, to use FACS to encode a face, humans had to be professionally trained and
used manually to complete the encoding. However, this method is time-consuming
and prone to bias. Recently, it is more common to use automatic facial expression
recognition technology. Donato et al. compared the currently commonly used
automatic facial recognition methods in their study, which include optical flow
analysis, principal component analysis, local feature analysis, independent
component analysis, Gabor wavelet-based methods, etc. [14]. The study showed
that independent component analysis and Gabor wavelet-based methods
performed the best, with an accuracy of 96%, which was consistent with the level
of manual coding by experts.

Based on the establishment of FACS, the study of the association of emotion and
action units and the development of automatic facial expression recognition
techniques, FER systems have been developed. The system implements emotion
recognition in 3 main steps. First, recognize the face in the image. Second, using
automatic facial expression recognition techniques to annotate action units. Finally,
analyse action units to predict emotions.

One example is FACET, developed by Emotient Inc., which was built on the
Computer Expression Recognition Toolbox (CERT) [44]. CERT provides intensity
detection of 19 action units and probability of 6 basic emotions, including anger,
happiness, sadness, surprise, disgust and fear. The developers used a multiple
logistic regression model on the Cohn-Kanade dataset (CK) [32] to train the
emotion recognition module of CERT. The dataset included 97 subjects with an age
range from 18 to 30, 65% are female, 82% are Euro-Americans, 15% are African-
Americans, and 3% are Asian or Latino. CK+ was used to evaluate the emotion
recognition module of CERT which had an additional 26 subjects over CK. The final
average precision of the 7 emotions, which contains 6 basic emotions and neutral,



for these 26 subjects was 87.21%.

Another example of the FER system is AFFDEX [52], developed by Affectiva Inc.,
which can recognize 7 emotions, which include anger, joy, sadness, surprise,
disgust, fear and contempt. The developers collected about 1.8 million facial videos
via the Internet using webcams from India, the United States, China and Indonesia.
By labelling manually, 27,000 videos were finally obtained [64]. The system is
currently used in video conferencing, remote education, health inspection, and
gaming [52]. Both emotion recognition systems, FACET and AFFDEX, are now
available through iMotions.

2.1.3 Summary

Since FACET and AFFDEX are trained and tested using different datasets and
different models, some studies on their performance have been carried out in the
past few years. Stockli et al. [65] showed that the accuracy of emotion recognition
of FACET was better than that of AFFDEX, where for posed facial expression, the
accuracy of FACET was 97% compared to 73% for AFFDEX, and for spontaneous
facial expression, the accuracy of FACET was 57% compared to 55% for AFFDEX.
Ahmad et al. [2] demonstrated that the emotion recognition results of AFFDEX and
FACET for semi-spontaneous emotional expressions were statistically significantly
different for samples of a different races, gender and age, and the correlation
between the emotion recognition results of the two systems for most emotions
was weak for the same sample. Yang et al. [72] evaluated the performance of
AFFDEX with 3 datasets, which include the Amsterdam Dynamic Facial Expressions
Set (ADFES), the Radboud Faces Database (RaFD) and the Warsaw Set of Emotional
Facial Expression Pictures (WSEFEP). The overall accuracy was 67%, with happiness
being the best recognition (F1=0.954), followed by disgust (F1=0.82) and fear being
the worst (F1=0.13). Krumhuber et al. [38] evaluated the performance of FACET
with 14 datasets and overall FACET was more accurate in recognising posed
expressions than spontaneous expressions. Joy was recognized best, followed by
anger, sadness and disgust, and fear was recognized worst.

In this study, some of the above findings are validated using two video datasets
with emotion labels.

2.2 Vocal Expression

Voice is another way to express emotions. By extracting and analysing the features
in audio, the emotions of speech can be recognized. The features contained in
audio can be divided into four categories, including prosodic, spectral, voice quality
and Teager Energy Operator (TEO) based features [3].

| will discuss the prosodic features (2.2.1), spectral features (2.2.2) and voice
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quality features (2.2.3) used in SER systems, and this will lead to a discussion of
two key SER systems, openSmile and openVokaturi (2.2.4).

2.2.1 Prosodic Features

The most commonly considered feature in the prosodic feature is the fundamental
frequency (FO). Sound is emitted through the vibration of the vocal cords, which
can be broken down into several sine waves of different frequencies, with FO
representing the lowest frequency. Studies have shown that emotions can have an
impact on FO. Paeschke et al. [57] found that the mean FO varied across emotions,
with boredom, sadness, neutrality, disgust, anger, fear and happiness in order from
lowest to highest. While for the standard deviation of FO, anger and happiness
were the largest, followed by neutral and disgust, then fear and boredom, and the
smallest was sadness. Probst and Braun [60] also show the differences in the FO
across emotions, and they similarly found that the mean FO for sadness was lower
than neutral, and the mean FO for happiness and anger was higher than neutral. In
addition, they examined FO for different degrees of emotion and found that as the
degree of emotion increased, the mean FO increased.

Research have shown that language can also have an impact on FO. By studying
females speaking English and German, Mennen et al. [53] found that although the
mean FO did not differ significantly between the two languages, there were
significant differences in other aspects, for instance, the range, maximum and
minimum values of FO. Mandarin Chinese as a tonal language is quite different
from other languages. Keating and Kuo [34] found by comparison that the mean FO
was higher and the FO range was greater in Mandarin than in English, while they
noted that this difference is due to the high-falling tone (tone 4) of Mandarin. Ding
et al. [13] also demonstrated differences in FO between English and Mandarin,
while they found differences in FO patterns for native English speakers and those
whose second foreign language was English.

The value of FO is also influenced by gender, with Teixeira et al. [66] stating that the
FO of females ranges between 200 and 300 Hz, while that of males ranges between
80 and 200 Hz. This was supported by experiments in the study [13], where the
mean FO of English-speaking females was 205Hz and that of males was 124Hz,
while the mean FO of Chinese-speaking females was 229Hz and that of males was
141Hz.

Age is another factor that influences FO values, and Eichhorn et al. [18] showed
that FO decreases with age in both males and females, with a more significant
decline in females, one reason for which might be the change in females' hormone
levels.
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2.2.2  Spectral Features

Mel Frequency Cepstral Coefficients (MFCC) is one of the spectral features which is
most widely used. Studies have shown that MFCC is associated with emotions in
the voice. Likitha et al. [42] built a SER system based on MFCC. They identified
three emotions, sadness, happiness and anger, by dividing the standard deviation
of MFCC. For sadness, MFCC standard deviation ranged from 0.1700 to 0.2199, for
happiness MFCC standard deviation ranged from 0.2200 to 0.2899 and for anger
MFCC standard deviation ranged from 0.2900 to 0.3999. The final accuracy of the
system was 80%. Kumbhar and Bhandari [40] trained a SER model using 39 MFCC
factors and the LSTM algorithm, which recognized the emotions happy, angry, sad,
fearful, surprised, disgusted, calm and neutral with an accuracy of 84.81%.

The work by Koolagudi et al. [36] demonstrated that MFCC can be used to
distinguish languages. They constructed language classification models using
different numbers of MFCC factors for distinguishing 15 Indian languages with an
accuracy of up to 88.4%. Gunawan et al. [27] also demonstrated that MFCC can be
used to differentiate between five languages including Arabic, Chinese, English,
Korean and Malay, with an accuracy of 78%. The gender difference can also lead to
differences in MFCC. Yiicesoy and Nabiyev [73] identified the gender of the speaker
using MFCC with an accuracy of 97.67%.

2.2.3  Voice Quality Features

Voice Quality Features include jitter, shimmer, etc. Jitter represents the variation of
FO between vibration cycles and shimmer represents the variation of FO in
amplitude [3]. Drioli et al. [16] found that for stressed vowels, shimmer values
were higher for anger and jitter values were higher for surprise and joy, whereas
for non-stressed vowels, both shimmer and jitter values were higher for disgust,
and the difference in jitter and shimmer values for other emotions was not
significant. Nunes et al. [55] found through their study of Portuguese speech that
negative emotions such as anger, despair, sadness, and fear increased jitter values,
while joy had the lowest jitter values and could be distinguished by jitter. Whereas
shimmer can be used to distinguish anger and despair, anger has the highest
shimmer value, followed by despair, and there is little difference in shimmer values
for the other emotions. These two studies had inconsistent results on the value of
jitter for joy.

A study by Wagner and Braun [68] on German, Italian and Polish found that
shimmer values differed across languages, while differences in jitter values across
languages were not found. Zhu et al. [75] found that when people spoke a second
foreign language, jitter and shimmer were lower compared to when they spoke
their native language, which was verified in Mandarin and English. Brockmann et al.
[8] found that gender had a small but significant effect on jitter and shimmer, with
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men having lower jitter and shimmer values than women.
2.2.4 Speech Emotion Recognition System

By analysing and learning from some of the extracted voice features, a SER system
can be created. OpenSmile [24] is a tool for speech feature extraction. The
extraction of different acoustic features and the detection of emotions can be
achieved by using different configuration files. The openSmile/openEar ‘emobase’
sets include several configuration files for feature extraction and emotion
recognition. It can be used to detect the seven basic emotions, including angry,
happy, scared, disgusted, sad, bored and neutral, which was trained on the Berlin
Speech Emotion Database (EMO-DB) and the eNTERFACE database [23]. EMO-DB
includes the emotional speech of 5 males and 5 females in German [10]. The
eNTERFACE database collected the English speech of 42 subjects from 14 countries,
of which 81% were male [49]. Ultimately, the system was tested with a recall rate
of 89.5% at EMO-DB and 75.2% at eNTERFACE [23].

OpenVokaturi is another open-source SER system that detects 5 emotions,
including angry, happy, scared, sad and neutral, and the model is trained on EMO-
DB and the Surrey Audio-Visual Expressed Emotion (SAVEE) database [56]. The
SAVEE dataset collected English emotional speech from 4 males [31]. Ley et al. [41]
used the Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS)
to test the performance of emotion recognition of openVokaturi, the results
showed that the system had the highest accuracy for angry (42%), followed by
happy (41.8%) and the lowest accuracy for sad (9.2%), and happy and angry were
often confused. The authors also suggest that the error in this experiment may be
due to the fact that the emotions of some of the samples in the RAVDESS were not
accurately labelled. Bui and Chong [9] evaluated the performance of openVokaturi
using the Toronto Emotional Speech Set (TESS) dataset, with an overall accuracy of
0.43, with the highest F1 score for neutral (0.67), 0.43 for sad, 0.42 for happy, 0.36
for angry and 0.26 for fear. Another study showed that the accuracy of
openVokaturi in detecting emotions was 66.5% [48].

2.3 Verbal emotion extraction

This section will introduce methods for textual sentiment analysis, in particular, text
analysis based on sentiment lexicons (2.3.1), and introduce automatic speech
recognition technology for speech-to-text conversion (2.3.2).

2.3.1 ‘Sentiment’ in Text

Texts can convey information as well as emotions. Nowadays, textual sentiment
analysis is used in many fields. In the field of e-commerce, sentiment analysis of
customer reviews allows companies to understand the condition of their products
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and to make timely improvements to the products [6][29]. Saranya et al. [63] suggest
that sentiment analysis of tweets can identify health problems that occur in some
countries or regions and contribute to the targeting of health services in the future.
Ren et al. [61] included textual sentiment analysis on the traditional recommender
system to enable better recommendations based on user preferences.

Textual sentiment analysis can be divided into fine-grained, which analyses words or
phrases, and coarse-grained sentiment analysis, which analyses sentences or large
amounts of text as a whole [43]. The current approaches to sentiment analysis are
machine learning, sentiment lexicon-based analysis and ontology-based analysis [1].

The machine learning approach consists of the following steps. First, perform pre-
processing, feature extraction and feature selection on the training data, then train
text sentiment classifier using algorithms such as Naive Bayes, support vector
machine and logistic regression [69], and finally use the classifier model for
sentiment classification.

The lexicon-based analysis is an easier approach for sentiment analysis, and lexicons
have been created for sentiment analysis in various languages. SentiWordNet is an
English sentiment lexicon that ranks words in WordNet for positivity, negativity and
neutrality through semi-supervised learning and random walk, with the latest update,
SentiWordNet 3.0, improving the accuracy of both positivity and negativity ranking
[7]. HowNet [15] is commonly used for Chinese textual sentiment analysis. It contains
two languages, Chinese and English, with four subsets of sentiment words for each
language, as shown in Table 4. The National Taiwan University Sentiment Dictionary
(NTUSD) [39] is another commonly used Chinese sentiment dictionary, which was
developed based on the General Inquirer (Gl) and the Chinese Network Sentiment
Dictionary (CNSD). With the opinion mining of news, blogs and other corpora, the
dictionary eventually includes 2810 positive words and 8275 negative words.

Table 4 Details of Positive and Negative Words in HowNet

Positive Opinion Words 3730 3594
Negative Opinion Words 3116 3563
Positive Emotion Words 836 769

Negative Emotion Words 1254 1011

Compared to English sentiment lexicons, the construction of Chinese sentiment
lexicons is more challenging. First, the ambiguity of the meaning of Chinese words
expressed in different contexts leads to difficulties in calculating sentiment polarity.
Second, the resources available for building sentiment dictionaries are limited [58].
These factors have resulted in fewer mature lexicons in Chinese.
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2.3.2 Automatic Speech Recognition Technology

Automatic speech recognition technology enables text to be extracted from speech.
Pattern recognition is one of the approaches for automatic speech recognition,
where patterns are constructed for each word in the lexicon using acoustic signals
during training, and during recognition, the most likely word is matched by
comparing the pattern of the word to be recognised with the stored pattern. Artificial
intelligence methods are also commonly used in automatic speech recognition which
utilises the idea of pattern recognition and uses different models to achieve pattern
matching [33].

Currently, many companies offer cloud-based automatic speech recognition services
that allow for easier transcription of speech, these include Amazon Transcribe,
Microsoft Azure Speech-to-Text, Google Cloud Speech-to-Text, etc. Word Error Rate
(WER) is a metric used to measure the performance of speech-to-text services and is
calculated using the formula in Figure 2. Mrozek et al. [54] compared the
performance of automatic speech recognition services from Google, IBM, Microsoft
and Amazon using the VoxForge dataset which includes speech in English, and found
that Amazon Transcribe had the lowest WER (8.4%), followed by Microsoft Azure
Speech-to-Text (9.9%). In another study [70], which also attempted to examine the
performance of these four services on French, it was ultimately found that for good
quality speech, Microsoft Azure had a lower WER (9.09%), followed by Amazon
Transcribe (11.76%), while for poorer quality speech, Microsoft Azure still had the
lowest WER (11.11%), followed by Amazon Transcribe and Google Cloud (20.00%).
Experiments by Luzietti et al. [47] demonstrate that Amazon Transcribe has a lower
WER than Google Cloud Speech-to-Text in Italian, French and Spanish, and Amazon
Transcribe also performs better in different qualities of speech.

Insertions + Substitutions + Deletions

- 0,
WER Total Words in the Reference x 100%

Figure 2 ~ Word Error Rate Formula

Previous studies have found that Amazon Transcribe and Microsoft Azure Speech-to-
Text have better accuracy. However, there is a lack of research on the accuracy of
these systems for Chinese transcription.

2.4 Summary

In this chapter, previous studies in facial, speech and text emotion recognition are
reviewed, including the introduction of FACS, the association of action units and
speech features with emotion, the introduction of FER and SER systems, methods for
textual sentiment analysis, the introduction of emotion lexicons and the introduction
of automatic speech recognition techniques for speech-to-text.
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This chapter also reviews several experiments on the accuracy of emotion detection
for FER systems, Affectiva AFFDEX and Emotient FACET, and SER systems, openSmile
and openVokaturi. However, most of the experiments were performed on individual
systems only, and very few of them tested the consistency of the detection results.
Also, these emotion detection systems are built on different architectures, and
different training datasets, and some studies have suggested that the physical
correlates of emotion are related to ethnicity, language, gender and age. Studies
have shown that only a small amount of Asian data is included in these training
datasets, and the majority of subjects were young. Previous experiments have lacked
research on the performance of these systems for emotion recognition in Asians,
especially for Chinese speakers, in different gender groups, and in different age
groups.

This study will examine the consistency and difference in the results of emotion
detection across different emotion recognition systems for the same sample, and
whether this is independent of ethnicity, language, gender and age. Meanwhile, the
physical correlates of emotions will be validated within the dataset used in this
experiment. The next chapter provides a detailed description of the experimental
design.
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Chapter 3 Design Solution and Validation

My research comprises facial emotion recognition, speech emotion recognition and
textual sentiment analysis of the voice tracks of the video under analysis. The
experimental process includes video collection, video pre-processing, audio pre-
processing, acquisition of speech text, sentiment analysis of video, audio and text,
data analysis and hypothesis testing. | will attempt to synthesise the three sources of
emotion using 6 different software systems, plus the analysis of the outputs of these
systems, which will be subject to statistical inference using Python language. Thus, a
pipeline is created to implement my system (See Figure 3). A more detailed
description of these processes is given in the rest of this chapter, which includes
video collection and dataset description (3.1), video and audio pre-processing and
speech-to-text (3.2), facial emotion recognition (3.3), speech emotion recognition
(3.4), textual sentiment analysis (3.5), and introduction of statistical methods (3.6).

Raw Preprocessing / Video Processing Emotions and
Videos (Trim the Video, P/ Videos (Emotient FACET, AUs data
Extract the Audio) 7 Affectiva AFFDEX)
. Data

Audio . Audio Processing Emotions and /
Chunking é#jr‘nis (openSmile, Audio Features Ha;;:gﬁ;:i
(2000ms) openVokaturi) Data / testing
Converting

Audio to Text T t Text Processing Sen.l;ei.::ent

(Amazon ranscripts (Hownet, NTUSD) Dats

Transcribe)

Figure 3  System Pipeline

3.1 Dataset Description

The video datasets used in this experiment include speech videos of politicians. They
are semi-spontaneous expressions, where politicians usually control their
expressions when speaking to the public, but there is also a degree of spontaneous
expression. This type of video is recorded with the knowledge of the participants and
is usually recorded in good lighting and radio conditions and i quiet environment,
therefore the quality of the video and audio is good. For the videos collected,
participants should face the camera directly, with their faces uncovered (e.g., masks,
sunglasses, etc.).

One of the datasets used in this experiment is videos of speeches by Chinese
politicians, and they all speak Chinese. The videos were collected from the official
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accounts of China Daily and China Net Live. All videos are in MP4 format. The final
dataset included 45 videos with a total duration of 225 minutes and 8 seconds. There
are 15 subjects, 11 male and 4 female, with an age range from 44 to 68 years old and
an average age of 56 years old.

Another dataset contains speech videos of politicians from other countries. Some of
the videos in this dataset were collected from video datasets already available in the
lab, and some were collected by my colleagues. The final dataset contains 212 videos
with a total duration of 774 minutes and 28 seconds. There are 56 subjects, 34 male
and 22 female, from 10 countries including America, Germany, India, Japan, South
Korea, New Zealand, Pakistan, the UK, Ireland and Bangladesh. The vast majority of
them speak English, with only a few of them speaking Korean, Japanese, Bengali, etc.
The average age is 56 years old, with an age range of 32 to 84 years old. Table 5
provides a detailed description of the video dataset of Chinese politicians and other
national politicians used in the experiment.

Table 5 Detail Description of Dataset

Nationality Female

Number Number | Average | Number | Number | Average

of of Age of of Age

Subjects | Videos Subjects | Videos
China 11 33 58.1 4 12 51.3
America 9 39 62.1 10 40 55.5
Germany 1 5 61.0 1 5 66.0
India 11 25 63.0 4 15 53.3
Japan 2 4 69.0 / / /
Korea 2 4 69.0 / / /
New Zealand / / / 1 5 40.0
Pakistan 2 7 48.4 / / /
UK 1 5 56.0 / / /
Ireland 5 23 48.5 5 38 48.5
Bangladesh 1 4 50.5 1 3 67.0

In addition to this, two video datasets and one audio dataset that contained emotion
labels were selected to examine the performance and consistency of two FER
systems and two SER systems, and were used as the baseline for the experiment. The
video datasets are RAVDESS and the Chinese Academy of Sciences Micro-expression
Database Il (CASME II). RAVDESS is a posed expression dataset containing 24 subjects,
with equal numbers of males and females, with 20 Caucasians, 2 East Asians and 2
mixed races [45]. CASME Il contains 247 samples of spontaneous emotional
expressions from 26 participants, all of which are Asian, and the reliability of the
emotion labels in the dataset is claimed to be 0.846 [71]. The audio dataset is EMO-
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DB, which was chosen because both openSmile and openVokaturi were trained on
this dataset.

3.2 Data Pre-processing

3.2.1 Video Pre-processing

As the videos in the video dataset were not recorded specifically for the emotion
recognition experiments, the videos contain some irrelevant frames, which can affect
the recognition of emotions. These irrelevant frames include frames that do not
contain the face of the subject and frames that contain multiple faces. These frames
were removed by using the Adobe Premiere software. The final processed videos
ensured that there is and only the face of the subject and it appears in the centre of
the screen. The processed videos remain in their original MP4 format.

3.2.2  Audio Pre-processing

The audio will be extracted from the processed video, this operation is done with
Adobe Premiere software and the audio files are in WAV format. When processing
speech audio of politicians from other countries, it was found that some of the audio
contained both voices of the politician and the interpreter. These audios needed to
be removed from the audio dataset as they would have an impact on the results of
speech emotion recognition, but the videos could still be used for the analysis of
facial emotions. Three audios were eventually excluded, which were audio of
politicians from Germany, Japan and South Korea.

In order to analyse the emotion of each audio in more detail, the audio needs to be
chunked. The duration of each chunk is 2000 milliseconds(ms), a time interval
considered to be the shortest interval at which people can express their emotions
through speech. Audio chunking is implemented via pydub, an audio processing
library in Python.

3.2.3 Speech-to-Text

For the speech audio of Chinese politicians, the text content of the speech needs to
be obtained for subsequent textual sentiment analysis. Based on the performance
comparison of commonly used Speech-to-Text services in the previous chapter,
Amazon Transcribe was ultimately chosen to be used as the text transcription tool for
this experiment. Although the accuracy of this system in Chinese has not been
verified in previous studies, research has shown that it performs better in numerous
languages.

Amazon Transcribe supports 27 languages including Simplified Chinese, Australian
English, British English, Indian English, French, etc., recommends FLAC or WAV format
audio and offers 60 minutes per month for free for the first 12 months [5]. To use
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Amazon Transcribe requires creating an S3 storage bucket and uploading audios to
the bucket, then creating transcription jobs in the Amazon Transcribe console and
running them. The final transcription can be exported and saved as a JSON file. The
file contains the entire transcribed text, as well as individual words with information
including timestamps, confidences, etc.

As Chinese is different from other languages where the smallest unit in a sentence is
a character rather than a word, the Character Error Rate (CER) is used to measure the
performance of Amazon Transcribe. The formula is shown in Figure 4. Reference texts
are obtained by manual transcription.

CER Insertions + Substitutions + Deletions

x 1009
Total Characters in the Reference %

Figure 4  Character Error Rate Formula

3.3 Video Processing

After the videos have been pre-processed, they are processed using the FER systems
Affectiva AFFDEX and Emotient FACET, which are both available with the iMotions
software. During the processing, the videos will be processed frame by frame to
obtain the action units and emotion data for each frame. The interval between two
frames may vary in different videos, with the shortest interval of 16ms, the longest
interval of 50ms and the average interval of 35.38ms. Next, the video processing
process and output of Affectiva AFFDEX (3.3.1) and Emotient FACET (3.3.2) are
described, as well as the calculation method of the probability of emotion in every
2000ms (3.3.3).

3.3.1 Affectiva AFFDEX

After importing the video into the system, it is divided into several frames. For each
frame, the system detects the face in the image and then obtains the distance
between the eyes and labels the 34 facial landmarks (see Figure 5). Based on the
location and orientation information of these facial markers, each action unit, and
each emotion can be detected independently using different classifiers which
ultimately return the probability of that action or emotion. The classification is
implemented at a statistical level, where facial expressions are converted into
numerical values according to facial landmarks and then compared with the values in
the database [37].

19



Sh]l‘h"
- Out;Bibw'Ranse:

Lip Pucker

«« Mouth Open

Figure 5  The 34 Facial Landmarks in Affectiva AFFDEX [52]

Figure 6 lists the 19 AUs recognised by Affectiva AFFDEX with the corresponding
AU codes added in the first row as a reference, as well as the sample results for 5
frames. The result indicates the probability of the action and the value ranges from
0 to 100.

ATTL ATT2 ATT4 ATTS AT AT ATT9 ATT10 ATT12 ATT14

InnerBrowRaize Brow Raise Brow Furrow Eye Widen Cheek Raize Lid Tighten NozeWrinkle UpperlipRaize Smile Dimpler
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14. 68444 0. 04227061 0. 002608025 0. 003005063 1. 44E-08 4. 545553 3. 60E-08 7. 96E-09 7. 41E-05 0.00753782
16. 86388 0. 04603846 0. 001729163 0. 002492852 1. 42E-08 T. 348458 2. TOE-0& 9. 14E-09 7. 40E-05 0.00677921
15, 89883 0. 07060762 0, 001827964 0. 001868802 1. 18E-08 8.338835 2. 44E-08 9. 90E-09 6. 44E-05 0. 007794741
AlT1G ATTLT ATT1R ATTZ20 AlTZ4 AlTZE ATTZ6 AlTZE ATT43
Lip Corner Deprezzor ChinRaize LipPucker Lip Stretch LipPrezz MouthOpen Jaw Drop LipSuck EveClozure
0.001322377 0.7914147 0. 01866199 0, 000T30263 0. 02498588 0. 2306661 0. 07304713 0. 1648698 0. 002338715
0.002424025 0. 31808589 0. 01454791 0. 003033364 0. 05199401 2. 138914 0. 05603146 0. 1179559 0. 000552601
0.001302025 0. 08494338 0.0232501 0,009743349 0. 03521634 8.938211 0. 1065169 0. 03660598 0. 000276887
0.0011A4378% 0. 0536A922 0, 03082099 0. 01228246 0. 04138728 28.07108 0.2319831 0. 01366598 0. 000318872
0.001281324 0. 03431385 0. 03850391 0. 004859325 0. 0450322 51,2977 03093619 0. 01200651 0000117104

Figure 6  The 19 Facial Expression Metrics Detected by Affectiva AFFDEX

Affectiva AFFDEX recognises 7 basic emotions, including anger, sadness, disgust, joy,
surprise, fear and contempt, and returns their probabilities in each frame, with
values in the range of 0 to 100. Figure 7 shows these 7 emotions and sample
results of 5 frames.

Anger

0. 0013485
0. 0014789
0. 0018328
0. 0037408
0. 0083201

Surprise Fear Contempt
0. 2489825 0.002377 0. 1934361
0. 2597636 0. 0022403 0. 1931866
0. 3240641 0. 0057734 0.1931322
0. 535646 0. 0058626 0.1930221
0. 9560749 0. 0028449 0. 1930077

Joy

4242731 0. 0018354
4404554 0. 0018984
2007198 0. 0021485
TO80054 0. 0030422
1. 076174 0. 0046369

Sadness | Disgust
0. 0544832 0.
0.030012 0.
0.047371 0.
0.0270913 0.
0.0125141

Figure 7 The 7 Basic Emotions Detected by Affectiva AFFDEX

20



3.3.2 Emotient FACET

Emotient FACET also processes the video based on frames. After recognising the face
in the image, the system annotates 6 facial landmarks to obtain facial features. Then
different AUs and expressions are classified using different classifiers. The
classification process is the same as Affectiva AFFDEX, which is based on a statistical
level, but there may be some differences in the results due to the different databases
and the different number of facial landmarks used by the two systems [37].

There are 20 AUs recognised by Emotient FACET, with an additional AU23 (Lip
Tightener) compared to Affectiva AFFDEX. Figure 8 lists these 20 AU codes, along
with their descriptions as a reference on the first row, and gives sample results of 5
frames.

Inner Erow Reiser Outer Brow Reiser Brow Lowerer Upper Lid Reiser Cheek Rsiser/Lid Tisghtener Nose Wrinkler Upper Lip Raiser Lip Cormer Puller Dimpler

AU4 Evidence AUS Evidence AU6 Evidence AUT Evidence |AU9 Evidence AULQ Evidence AU1Z Evidence AUl4 Evidence
—2. 504831 2461 -0. 9874375 —2. 558397 -1.203872 -0.521198 -0.05778512
—2. 454067 -1. 600012 v -0. 4511598
: ] —2. 658878 i -1.630224 -0. 5680426
0.1373758 -2. 58797 -0. 7921692 -1. 468971 -0. 6769223
-0. 02492082 —2. 555492 -0. 8570276 —-2. 965438 -1.519792 -0. 9278665 -0. 6994261

Lip Corner Depressor|Chin Reiser Lip Puckerer Lip stretcher Lip Tightener Lip Pressor |Lips part Jaw Drop Lip Suck Eyes Closed
AULS Evidence AULT Evidence AU1E Evidence AU20 Evidence AU23 Evidence AU24 Evidence AUZ5 Evidence AUZ6 Evidence AUZ8 Evidence AU43 Evidence
0. 06466185 0. 1644224 0.02918374 -0.6158326 -0. 2016637 0. 3653375 -1.438354 -0.8782421 -1. 102965 -1. 740857
-0.1929936 -0. 182048 0. 2687343 -0. 7225891 -0.1807198% -0. 2876832 -1.203177 -0. B536668 -1. 774881 -2. 085068
-0. 1805829 -0. 16466 0. 3555079 -0.B8B47218 -0.179188 -0. 2014808 -1.24873 -0. 84286584 -1. 927641 -1.946743
-0.2581333 -0. 32346892 0. 5426047 -0. 7082088 -0. 2756008 -0.5301512 -0. 654362 -0.5308024 -1.934047 -1. 626796
-0. 2826185 -0.3674733 0. 5232579 -0. 5B64858 -0.2316283 -0. 6245176 -0. 4881743 -0. 4038427 -1.96874 -1. 922876

Figure 8  The 20 AUs Detected by Emotient FACET

Similarly, Emotient FACET identifies 7 basic emotions, including joy, anger, surprise,
fear, contempt, disgust and sadness, which are presented in Figure 9 along with
sample results of 5 frames.

Jovy Evidence Anger Evidence Surprise Evidence Fear Evidence Contempt Evidence |Disgust Evidence Sadness Evidence

-3.161329 —2. 850935 -3.297119 —2. 295099 0.5262888 —2. 41677 0. 7311483
—3. 909496 —3. 106014 —3.521258 —2. 228694 —0. 1425911 —2. 826459 0.9111552
-4. 175316 —2. 896956 -3.208513 —2. 542709 -0. 4103718 -2.595344 0. 6843048
—4. 004677 —2.923259 —2. 76277 —2. 142993 —0. 6833069 —2.238927 0. 88737
—3. 894668 -3.193922 —2.471203 —1. 945664 -0. 6764906 -2. 409163 0. 7641022

Figure 9  The 7 Basic Emotions Detected by Emotient FACET

Unlike the Affectiva AFFDEX, the Emotient FACET outputs a log-likelihood evidence
score for each AU or emotion. When the value is positive, it indicates that the
probability of the action or emotion being present is greater than 50%, and when
the value is negative, it indicates that the probability of the action or emotion
being present is less than 50%. This evidence score can be converted to an
intensity score (probability) in the range of 0 to 1 by using the formula in Figure 10.
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loEvidence

1+ 1{]Euidence

Intensity =

Figure 10 Formula for Calculating Intensity Score (Probability) from Log-likelihood
Evidence Score in Emotient FACET

3.3.3  Probability of Emotion Every 2000ms

Since the emotion analysis of the speech is performed in units of 2000ms, the
probability of emotion detected from the facial expression every 2000ms needs to be
calculated to allow comparison of the emotion analysis results of the facial and
speech.

The mean value was chosen to be used to calculate the probability of each emotion
within 2000ms. For the calculation of the mean of probabilities, the geometric mean
is more appropriate than the arithmetic mean, as the product of probabilities is more
meaningful than the sum of probabilities. The formula for calculating the geometric
mean is shown in Figure 11.

—

n n
Geometric Mean = | | | X,
Yl i=1

Figure 11  Formula for Geometric Mean

3.4 Audio Processing

For the 2000ms audio chunks, they are processed sequentially using openSmile and
openVokaturi, which will eventually provide the audio features and emotion
probabilities of each audio chunk. This section describes how to process audio using
openSmile (3.4.1) and openVokaturi (3.4.2) and their outputs.

3.4.1 OpenSmile

OpenSmile is an open-source tool for audio feature extraction. The version used in
this study is the latest version, openSmile 3.0, which can be downloaded from
GitHub. A config folder is included in openSmile that contains configuration files for
feature extraction and sentiment analysis.

The configuration file in the openSmile/openEar ‘emobase’ set was used in this
study. The set contains two configuration files for emotion recognition, which are
‘emobase_live4 _batch.conf’ and ‘emobase_live4_batch_single.conf’. The former
applies to uncut audio, it will segment the audio based on energy and return a
result for each segment. The latter applies to audio that has been chunked and it
returns only a single result, hence it is more suitable for this study [22]. For each
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audio block, the system ultimately extracted 988 acoustic features and used them
for sentiment recognition. These acoustic features include the 12 features of MFCC,
FO, etc. The system recognised 7 emotions, including anger, boredom, disgust, fear,
happiness, neutrality and sadness. Figure 12 shows the seven emotions detected
by the system, along with sample results of 5 frames. The system gives the
probability of each emotion and the sum of the probabilities of all emotions is 1.

Inger Boredom Disgust Fear Happinessz Neutral Sadness
0.019249 0.530917 0.039207 0. 020933 0. 018324 0. 172514 0. 193857
0, 003291 0.195106 0.007341 0. 002844 0, 002848 0, 028318 0. THE9T54
2. 00E-06 0.001786 6. 00E-06 2. Q0E-06 1. 00E-06 0, 000199 0. 993004
0.0303 0,534637 0, 040832 0.03937 0,0409209 0, 1859115 0, 1261148
0.001926 0. 176976 0. 007602 0. 002694 0, 002016 0.031896 0. 77693

Figure 12 The 7 Emotions Detected by OpenSmile

To obtain more acoustic features, the configuration file ‘IS10_paraling.conf’ is also
used, which extracts 1582 acoustic features. In addition to MFCC and FO, it extracts
jitterLocal and shimmerLocal, which will be used to analyse physical correlates of
emotions. Based on the review of previous studies in Chapter 2, this study will
validate the correlations between emotions and FO, MFCCs, jitterLocal and
shimmerLocal. For each feature, the mean value will be chosen to represent the
whole audio chunk. For the 12 MFCC feature values, their mean and standard
deviation will be further calculated for the correlation analysis. Figure 13 shows
the selected acoustic features, as well as an example of 5 frames.

FO mean mfccl mean mfcc2 mean mfocd mean mfccd mean mfoch mean mfcoc? mean mfccd mean mfccll mean mfecll mean mfeocl2 mean jitter mean shimmer mean

1.80E+02 6. O1E+00 —A. OTE+00 1. 24E+01 4. T9E400 -2.01E+01 -1.0GE+01 -1.34E+00 -3. 35E+00 2. D4E+00 2. GOE+00 4. 24E-02 2.07E-01
1. 18E+02 6. 24E-01 -9.8BE+00 6. 1BEH00 —1.TBE+00 -3.74E+00 -1.63E+01 3. 37E+00 3. THE+OD 9. 42E-01 -1.40E+00 4. TOE-02 2. 24E-01
2.47E+01 -6, 53E+00 -8, 30E+00 2. 21E+00  T7.T2E+00 1.53E+00 -8.41E+00 9.66E+00 -1,35E-01 -3, 31E+00 -1.03E-01 1. 01E-01 3. 64E-01
2.57E+02 1. 26E+01 -4, 61E+00 3. 11E4H00 —6.3TEHI0 —1.82E401 -1.50E+01 -2.37E+00 6. 14E+H00 4. 59E+00 -1, 18E+00 2. 76E-02 1.63E-01
1. 1BE+02 -6. 76E-01) -1.42E+00 6. GBE+O0 3. 36E+00 -6, TOE+00 -1. 3GE+01 @, 17E+00 6. 34E-01 9. 23E-01 1. 39E+00 9. BT7E-02 2.B2E-01

Figure 13 Selected Acoustic Features Extracted by OpenSmile
3.4.2 OpenVokaturi

In this study, the latest version of openVokaturi, version 3.4, was used. The system
can be freely downloaded on the official website and is free to use. There are other
paid versions available on the website which have higher accuracy, but in this
experiment, only the free version is considered.

OpenVokaturi recognises 5 basic emotions, including neutral, happiness, sadness,
anger and fear. Figure 14 lists these 5 emotions and the sample results of 5 frames.
Similar to openSmile, openVokaturi gives the probability of each emotion and the
sum of the probabilities of all emotions is 1.
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Neutral  Happiness Sadness  Anger Fear
0.9909044 1.12E-06 0.0087412 0.0001364 0.000217
0.9757088 4.98E-06 0.0007318 0.0030701 0.0204842
0. 269849 0.0004744 2. 60E-05 0.7235865 0. 0060641
0.9724961 B8.01E-05 0.0177503 0.008422 0.0012515
0.9906991 7.27E-07 0.0091274 5.28E-05 0.00012

Figure 14 The 5 Emotions Detected by OpenVokaturi
3.5 Text Processing

According to the JSON file returned by Amazon Transcribe, each word in the speech
text and its timestamp can be obtained. After excluding stop words, two Chinese
sentiment lexicons, HowNet and NTUSD, are used to label the sentiment polarity of
these words. If one of the two lexicons marks the word as positive, the word has a
positive sentiment polarity, and if one of the two lexicons marks the word as negative
the word has a negative sentiment polarity. If the two lexicons do not mark the
sentiment polarity of the word as the same (i.e., one is positive and one is negative),
the sentiment of the word is neutral.

7

As emotion analysis in audio is measured in 2000ms, to facilitate comparison of the
results of the emotion analysis, the text data needs to be classified according to time.
Texts within every 2000ms are combined according to their timestamp, and for texts
which do not start and end in the same time period, compare the percentage of its
time interval in the two time periods and divide it into the time period with the
larger percentage. Then count the number of positive and negative words in each
time period. If there are more positive words than negative words, the sentiment
polarity in that 2000ms is marked as positive, if there are more negative words than
positive words, the sentiment polarity in that 2000ms is marked as negative, and if
there are no positive or negative words or both in equal numbers, the sentiment
polarity in that 2000ms is marked as neutral. The final text analysis results are shown
in Figure 15, which contains the text and the sentiment polarity analysed according
to two sentiment lexicons for every 2000ms.

start_time end_time content character positive negative sentiment
0 1. 71 S E A ABER R 8 1 0 positive

1.88 4.05 TAELLRN % 7 0 0 neutral

5.74 7.85 N EL BT TE s e 9 0 0 neutral

7.85 9. 15 [H 55 i) v o i 35 8 0 0 neutral

9.84 11. 85 44 M X ki 47 § 0 1 negative

Figure 15 Textual sentiment analysis Results (Based on HowNet and NTUSD)
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3.6 Hypothesis Testing and Statistical Methods

In this study, the hypotheses are tested using non-parametric tests. In contrast to
parametric tests, non-parametric tests can be used to test data where the
distribution of the data is unknown, or where the distribution of the data does not
satisfy a normal distribution. This is more applicable in this experiment. In the
following subsections, the statistical methods used in the experiment will be
described, which include the Mann-Whitney U test (3.6.1), Kruskal-Wallis test
(3.6.2), Spearman rank correlation (3.6.3), McNemar test (3.6.4) and Cohen’s
Kappa (3.6.5). These methods are implemented via Python.

3.6.1 Mann-Whitney U Test

The Mann-Whitney U test is a non-parametric test used to test whether two groups
of samples are from the same population, i.e., whether there is a significant
difference in the distribution of two groups of samples. This test is applied to
continuous variables and it determines whether there is a statistically significant
difference in the distribution of two sets of data by using the size ranking of the data.

The HO hypothesis of the test is that there is no difference in the distribution of two
independent samples. When the p-value is greater than 0.05, HO is accepted (i.e.,
there is no significant difference in the distribution of the two samples), and when
the p-value is less than 0.05, HO is rejected (i.e., there is a significant difference in the
distribution of the two samples).

In this study, it is used to test whether there is a significant difference in the
distribution of the detection results of ‘anger’/‘joy’ for the same sample between
two emotion recognition systems, etc. The test is implemented via the ‘scipy.stats’
library in Python.

3.6.2 Kruskal-Wallis Test

The Kruskal-Wallis Test is also a non-parametric test used to examine the
distribution differences in samples. In contrast to the Mann-Whitney U test, it can
be used to test for distribution differences in multiple groups of samples. It
performs a test of distribution difference based on the ranking of the sample
values.

The Kruskal-Wallis Test hypotheses that there is no significant difference in the
distribution among multiple independent samples. When the P value is less than
0.05, the null hypothesis is rejected, i.e., the distributions of these samples are
considered to be statistically significantly different from each other, otherwise, it is
considered that the distributions of these samples are not significantly different
from each other.
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In this study, this test is used to detect whether the distribution of the detection
results of ‘anger’/‘joy’ by the same emotion recognition system differs across age
groups. The Kruskal-Wallis Test is implemented via the ‘scipy.stats’ library in Python.

3.6.3 Spearman Rank Correlation

The Spearman correlation coefficient can be used to test the correlation between
two samples and is a non-parametric test. When the samples meet the conditions of
being continuous, normally distributed and linearly correlated at the same time, the
Pearson correlation coefficient can be used; otherwise, the Spearman correlation
coefficient is used.

The correlation coefficient Rho ranges from -1 to 1, when it is positive, the two
samples are positively correlated, when it is negative, the two samples are negatively
correlated. The closer the absolute value of Rho is to 1, the stronger the correlation
between the two samples, and the closer the absolute value of Rho is to 0, the
weaker the correlation between the two samples. The strength of the correlation of
the sample can be divided according to the Rho value as follows (See Table 6).

Table 6 Spearman's Rho Value and the Strength of Correlation

0.00-0.20 Very Weak
0.21-0.40 Weak
0.41-0.60 Moderate
0.61-0.80 Strong
0.81-1.00 Very Strong

In this study, the Spearman correlation coefficient is used to analyse the correlation
between ‘anger’/‘joy’ recognition results of different emotion recognition systems
for the same sample, and verify the correlation between AUs and ‘anger’/‘joy’, etc.

The Spearman correlation coefficient can be calculated using the ‘corr’ function in
Python, which calculates the Pearson correlation coefficient by default and needs to
be set to the Spearman correlation coefficient. The ‘scipy.stats’ library also provides a
method to calculate the Spearman correlation coefficient. In addition to the Rho
value of the correlation coefficient, the method also returns a P value for
determining the significance of the correlation. When the p-value is less than 0.05,
the correlation between the two samples is significant.

3.6.4 McNemar Test

The McNemar test, also called paired chi-square test, which examines whether there
is a statistically significant difference in the disagreement between two paired
samples based on a 2 X 2 contingency table, and it is a non-parametric test.
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In this study, the method is used to test whether the difference between the results
of the textual sentiment analysis and the recognition results of the FER/SER system is
statistically significant, etc. As the McNemar test is only applicable to binary
categorical variables, the data needs to be processed before testing. Take the
example of comparing whether the difference between the ‘positive’ emotion in the
text analysis results and the ‘joy’ emotion in the emotion recognition system results
is significant. For the FER/SER results, the possible emotions per 2000ms can be
obtained by comparing the probabilities of each emotion. Next, the emotions other
than ‘positive’ in the text analysis results are marked as ‘not_positive’ and the
emotions other than ‘joy’ in the emotion recognition system results are marked as
‘not_joy’. Finally, a contingency table can be obtained (See Table 7).

Table 7 Example Contingency Table for McNemar Test

Facial/Speech Emotion
Joy Not joy
Text Sentiment | Positive A B
Not positive | C D

The 2 can be calculated according to the formula in Figure 16. In Python, the
‘statsmodels’ library provides functions for the McNemar test that can be used
directly.

_(8—6)2
 B+C

2

Figure 16 Formula for Calculating x? in the McNemar Test
3.6.5 Cohen’s Kappa

Kappa coefficients can be used to examine whether two samples are consistent or
not, and this method is applied to category data. kappa coefficients range from -1 to
1, when the value is less than 0, the two samples are inconsistent, when the value is
greater than 0, the two samples are consistent, the larger the value the better the
consistency. The strength of consistency of the samples can be classified according to
the Kappa values as follows (See Table 8).

Table 8 Kappa Value and the Strength of Consistency

0.00-0.20 Very Weak
0.21-0.40 Weak
0.41-0.60 Moderate
0.61-0.80  Strong
0.81-1.00 Very Strong
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In this study, Kappa will be used to test the consistency of the results of the textual
sentiment analysis and the results of the sentiment recognition system for the same
sample, etc.

Using the contingency table in Table 7 as an example, the formula for calculating the
Kappa coefficient is shown in Figure 17. In Python, the ‘sklearn.metrics’ library
provides functions to calculate Kappa coefficients.

- A+D
° T A+B+C+D

_(A+0)x(A+B)+(B+D)x(C+D)
e (A+B+C+D)?

Pofpe
1-P,

Kappa =
Figure 17 Formula for Calculating Kappa

3.7 Summary

In this chapter, the pipeline for this study is presented. Then, a detailed description
of the data collection and pre-processing, as well as the nationality, gender and age
composition of the dataset is given. The approach to obtain emotion analysis data for
facial, speech and text, as well as the content of the data are also described in detail.
Finally, the statistical methods used for hypothesis testing in the experiment are
described individually. In the next chapter, the results of the experiments are
presented in detail and discussed.
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Chapter 4 Case Study and Results

In this chapter, the consistency and differences in the emotion recognition results of
Affectiva AFFDEX, Emotient FACET, openSmile and openVokaturi will be examined.
Only two emotions were considered in this study, ‘anger’ and ‘joy’, which are two
distinct emotions, and the other emotions are somewhere in between. Consistency
and difference will be tested in samples of different races, genders and ages to see if
these factors lead to differences in emotion recognition results. Also, two video
datasets with emotion labels and one speech dataset with emotion labels will be
used to compare the performance of two FER systems and two SER systems
respectively, which provides a baseline for the whole experiment. For the Chinese
dataset, the consistency and differences between the results of the textual sentiment
analysis and the emotion recognition results of the four emotion recognition systems
are also compared. Similarly, only ‘anger’ and ‘joy’ emotions are considered for this
experiment, where ‘joy’ corresponds to positive emotions in textual sentiment
analysis and ‘anger’ corresponds to negative emotions in the textual sentiment
analysis. Finally, the physical correlates of emotions are verified with the Spearman
correlation coefficient.

This chapter will show the results of the following case studies: comparison of
emotion recognition results between Affectiva AFFDEX and Emotient FACET (4.1),
comparison of emotion recognition results between openSmile and openVokaturi
(4.2), comparison of emotion recognition results between FER systems and SER
systems (4.3), comparison of results between textual sentiment analysis and emotion
recognition systems (4.4), and verification of the physical correlates of emotions (4.5).

4.1 Affectiva AFFDEX and Emotient FACET

This section will show the performance of Affectiva AFFDEX and Emotient FACET on
the datasets with emotion labels (4.1.1), and on the politician dataset (4.1.2)
including the dataset of Chinese politicians (4.1.2.1) and the dataset of other
politicians (4.1.2.2).

4.1.1 Performance on Datasets with Emotion Labels

RAVDESS contains 1440 videos recorded by 24 subjects. In this experiment, 720
videos from the first 12 subjects are used, with 96 videos for each of the 7 emotions
‘anger’, ‘calm’, ‘disgust’, ‘fear’, ‘happiness’, ‘sadness’ and ‘surprise’ and 48 videos for
‘neutral’. The videos are processed separately using Affectiva AFFDEX and Emotient
FACET. There are 2 videos for which no data is obtained from Emotient FACET. The
probability of each emotion is then calculated for each video using the geometric
mean, and the emotion with the highest probability is selected as the predicted
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emotion for that video. A confusion matrix is eventually generated for each of the
emotion recognition results of the two systems, with the horizontal axis representing
the true emotions and the vertical axis representing the emotions predicted by the
system (See Figure 18). It can be seen that Affectiva AFFDEX often confuses the facial
expression of ‘joy’ with that of ‘surprise’, while Emotient FACET often identifies ‘calm’
as ‘joy’. For ‘anger’, both systems often misidentify the facial expression of ‘anger’ as
‘disgust’ and ‘surprise’. For the videos with emotion labels including ‘anger’, ‘disgust’,
‘fear’, ‘joy’, ‘sadness’ and ‘surprise’, the overall accuracy of Affectiva AFFDEX emotion
recognition results is 37.33% and that of Emotient FACET is 59.03%.

RAVDESS Affectiva RAVDESS Emotient

6 anger { 29 0 0 B 0 3 13

19 9 o 0 1a
]B .
0 20 o 0 0

disgust { 21

fear 3 B 0 32 1 2 17

joy 0 4 0 D. 0 0 o

sadness { 0 o 0 1 0 0 3 L sadness { 0 3 1 2 0 4 %

Predict
Predict

]

surprise 8 30 surprise

anger
calm
disgust
fear
neutral
sadness
surprise
anger 4
calm =)
disgust 4w
fear 4
v o
neutral I
sadness 4w
surprise . = w [ w - <}

Tue Tue

Figure 18 Confusion Matrix of Emotion Recognition Results of RAVDESS by
Affectiva AFFDEX (Left) and Emotient FACET (Right)

Based on the confusion matrix the recognition accuracy and recall of the two systems
for ‘joy’ and ‘anger’ can be calculated (See Table 9). It can be found that Affectiva
AFFDEX has a higher recognition accuracy for ‘joy’, while Emotient FACET has a
higher recognition recall for ‘joy’. For ‘anger’, both the recognition accuracy and
recall are higher in Emotient FACET than in Affectiva AFFDEX.

Table 9 Accuracy and Recall of Affectiva AFFDEX and Emotient FACET for Joy’ and
‘Anger’.

Affectiva Emotient

Joy Accuracy 92.73% 57.93%

Recall 53.13%  98.96%
Anger Accuracy 5.66% 46.03%
Recall 3.13% 30.21%

Next, the Mann-Whitney U test and Spearman correlation coefficient are used to
analyse the differences and consistency between the detection results on ‘joy’ and
‘anger’ in two systems.
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a)

b)

Mann-Whitney U test

The Mann-Whitney U test is used to test whether there is a significant difference
between Affectiva AFFDEX and Emotient FACET in the detection of ‘joy’/’anger’.
Following are the hypotheses for this test:

HO: There is no difference in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

H1: There exist differences in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

Table 10 Mann-Whitney U Test Results (RAVDESS)

P Value Result \

Joy 3.0937e-84 Reject HO
Anger 3.2843e-39 Reject HO

The results of the Mann-Whitney U Test are shown in Table 10. The P-values
obtained from the tests on ‘joy’ and ‘anger’ are 3.0937e-84 and 3.2843e-39,
both of which are less than 0.05, therefore both reject the null hypothesis HO,
which suggested that there is a statistically significant difference between
Affectiva AFFDEX and Emotient FACET in the detection of ‘joy’ and ‘anger’.

Spearman Correlation Coefficient

Spearman correlation coefficient is used to check the consistency in detection of
‘joy’/‘anger’ by Affectiva AFFDEX and Emotient FACET. The results are shown in
Table 11.

Table 11 Spearman correlation coefficient (RAVDESS)

i Rho P Value

Joy 0.5719 Moderate 1.3848e-63
Anger 0.7990 Strong 2.4515e-160

It can be seen that the two systems have a moderate correlation for the
detection of ‘joy’, a strong correlation for the detection of ‘anger’. The P values
are all less than 0.05, proving that the correlation is statistically significant.

The other dataset, CASME Il, contains 255 videos with the emotion label, 32 of which

are ‘joy’, and the dataset does not contain videos with the ‘anger’ label. Using
Affectiva AFFDEX and Emotient FACET to process these videos and calculate a
predicted emotion for each video. There are 5 videos for which no data is obtained in
both systems and 1 video for which no data is obtained in Affectiva AFFDEX. Finally,
the two confusion matrices in Figure 19 are obtained. The confusion matrix shows
that for the videos in CASME I, Affectivac AFFDEX tends to classify them as 'disgust'
and Emotient FACET tends to classify them as ‘sadness’, ‘contempt’ and ‘disgust’,
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neither of which is ideal. For the videos with emotion labels including ‘disgust’, ‘fear’,
‘joy’, ‘sadness’ and ‘surprise’, the overall accuracy of Affectiva AFFDEX emotion
recognition results is 44.35% and that of Emotient FACET is 15.32%.
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Figure 19 Confusion Matrix of Emotion Recognition Results of CASME Il by
Affectiva AFFDEX (Left) and Emotient FACET (Right)

Based on the confusion matrix the recognition accuracy and recall of the two systems
for ‘joy’ can be calculated (See Table 12). It can be found that for the detection of
‘joy’, Emotient FACET has a high accuracy and recall rate.

Table 12 Accuracy and Recall of Affectiva AFFDEX and Emotient FACET for “Joy".

Affectiva Emotient |

Joy Accuracy 25.00% 41.67%
Recall 3.23% 16.13%

The differences and consistency between the detection results on ‘joy’/‘anger’ in the
two systems are analysed using the Mann-Whitney U test and the Spearman
correlation coefficient.

a) Mann-Whitney U test
Following are the hypotheses for this test:

HO: There is no difference in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

H1: There exist differences in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

Table 13 Mann-Whitney U Test Results (CASME 1)

P Value Result ’

Joy 7.7040e-21 Reject HO
Anger 7.1001e-76 Reject HO
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The results of the Mann-Whitney U Test are shown in Table 13. The P-values
obtained from the tests on ‘joy’ and ‘anger’ are less than 0.05, therefore both
reject the null hypothesis HO, which suggested that there is a statistically
significant difference between Affectiva AFFDEX and Emotient FACET in the
detection of ‘joy’ and ‘anger’.

b) Spearman correlation coefficient

The consistency in the detection of ‘joy’/‘anger’ by the 2 FER systems are shown
in Table 14.

Table 14 Spearman Correlation Coefficient (CASME Il)

Rho P Value
Joy 0.4981 Moderate 5.1205e-17
Anger 0.4297 Moderate 1.3076e-12

It can be seen that the two systems have a moderate correlation for the
detection of ‘joy’ and ‘anger’, and the correlation on ‘joy’ detection is slightly
stronger than the correlation on ‘anger’ detection. The P values are all less than
0.05, proving that the correlation is statistically significant.

4.1.2 Performance on Politician Datasets

The Mann-Whitney U Test and Kruskal-Wallis Test are used to test whether
‘joy’/‘anger’ detected by the individual system is significantly different across
ethnicities, genders and ages. The Mann-Whitney U Test is used for ethnicity and
gender, and the Kruskal-Wallis Test is used for age. Following are the hypotheses:

HO: The distribution of ‘joy’/‘anger’ in different ethnicities/genders/ages has no
difference.

H1: The distribution of ‘joy’/‘anger’ in different ethnicities/genders/ages has
difference.

Table 15 Test Results for Differences in the Distribution of Joy’/Anger’ Across
Ethnicity, Gender and Age (Affectiva AFFDEX and Emotient FACET).

Affectiva Emotient
Ethnicity | Gender Age Ethnicity | Gender Age
(China, (Female, (<45, 45-60, | (China, (Female, (<45, 45-60,
Others) Male) 60-75, >75) | Others) Male) 60-75, >75)
Joy P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Anger P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05

From the results in Table 15, it can be found that the P value is less than 0.05 in all
test results, i.e., in both Affectiva AFFDEX and Emotient FACET, the distribution of
‘joy’/‘anger’ is significantly different in different ethnicities/genders/ages. The results
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suggest that ethnicity, gender and age influence the detection of ‘joy’ and ‘anger’ by
Affectiva AFFDEX and Emotient FACET.

Figure 20 shows the peak of ‘anger’ detected for the same video in different systems.
It can be noticed that there is a difference in the peak of ‘anger’ for the same video
in different systems. In Affectiva AFFDEX, the peak of ‘anger’ occurs at 181.5 seconds
with a probability of 69.90%. In Emotient FACET, the peak of ‘anger’ occurs at 222.24
seconds, with a probability of 61.68%. While one system considered the frame to be
the peak of ‘anger’, another system gave the opposite result, considering the
emotion of that frame to have a low probability of being ‘anger’.
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Figure 20 The Peak of Anger in Affectiva AFFDEX (Left) and Emotient FACET (Right)

A similar phenomenon is found in the peak of ‘joy’. As can be seen in Figure 21, for
the same video, Affectiva AFFDEX considers the peak of joy occurs at 121.5 seconds,
with a probability of 87.05%. Emotient FACET, on the other hand, believes that the
peak of joy occurs at 169.08 seconds, with a probability of 64.58%.
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Figure 21 The Peak of Joy in Affectiva AFFDEX (Left) and Emotient FACET (Right)

It can be found that Affectiva AFFDEX and Emotient FACET differ in the detection of
‘joy’ and ‘anger’. Next, the differences and consistency between the two systems in
the detection of ‘joy’ and ‘anger’ are examined with statistical methods.
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4.1.2.1 Dataset of Chinese Politicians

After processing 45 speech videos of Chinese politicians with Affectiva AFFDEX and
Emotient FACET, 364619 data (frames) are obtained from each system. The emotions
in some of the frames are not correctly identified. After data cleaning, 340124 data
(frames) from each system are retained.

Next, the differences and consistency of the detection results on ‘joy’/‘anger’ in the
two systems are analysed using the Mann-Whitney U test and Spearman correlation
coefficient. The test is performed on samples from different genders and different
ages.

a)

b)

Mann-Whitney U Test
Following are the hypotheses for this test:

HO: There is no difference in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

H1: There exist differences in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

Table 16 Mann-Whitney U Test Results of Dataset of Chinese Politicians (Affectiva

AFFDEX and Emotient FACET)

All Data P<<0.05 P<<0.05
Female P<<0.05 P<<0.05
Male P<<0.05 P<<0.05
Age<60 P<<0.05 P<<0.05
Age >=60 P<<0.05 P<<0.05

As can be seen from Table 16, all p-values are less than 0.05 and therefore the
null hypothesis HO is rejected, i.e., for all samples, male samples, female samples,
samples less than 60 years old, and samples more than 60 years old, the
distribution of ‘joy’ and ‘anger’ detected by Affectiva AFFDEX and Emotient
FACET all have statistically significantly difference.

Spearman Correlation Coefficient

As can be seen from Table 17, the consistency of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET is quite weak. The two systems have the
best consistency in the detection of ‘anger’ for the male sample (Rho=0.3608). In
most cases, the consistency between the two systems is better in ‘anger’, except
in the female sample where the consistency in ‘joy’ (Rho=0.3029) is found to be
better than the consistency in ‘anger’ (Rho=0.1089). All P values are less than
0.05, indicating that these correlations are statistically significant.
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Table 17 Spearman Correlation Coefficient of Dataset of Chinese Politicians (Affectiva
AFFDEX and Emotient FACET)

Joy Anger
Rho P Value | Rho P Value
AllData 0.1176 Very Weak P<<0.05 0.3018 Weak P<<0.05
Female 0.3029 Weak P<<0.05 0.1089 Very Weak P<<0.05
Male 0.0137 Very Weak P<<0.05 0.3608 Weak P<<0.05
Age<60 0.1953 Very Weak P<<0.05 0.2448 Weak P<<0.05
Age>=60 -0.0745 Very Weak P<<0.05 0.2155 Weak P<<0.05

4.1.2.2 Dataset of Other Politicians

The 212 videos are processed using Affectiva AFFDEX and Emotient FACET, resulting
in 1372515 data (frames) from Affectiva AFFDEX and 1372512 data (frames) from
Emotient FACET. Excluding frames where each system failed to correctly recognise
the emotion, 1145859 data (frames) are ultimately retained from each system.

Then, using the Mann-Whitney U test and Spearman correlation coefficient to
examine the differences and consistency of the detection results on ‘joy’/‘anger’ in
the two systems.

a) Mann-Whitney U Test
The hypotheses for this test are as follows:

HO: There is no difference in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

H1: There exist differences in the distribution of ‘joy’/‘anger’ detected by
Affectiva AFFDEX and Emotient FACET.

Table 18 Mann-Whitney U Test Results of Dataset of Chinese Politicians (Affectiva
AFFDEX and Emotient FACET)

Joy Anger
All Data P<<0.05 P<<0.05
Female P<<0.05 P<<0.05
Male P<<0.05 P<<0.05
Age <45 P<<0.05 P<<0.05
Age: 45-59 P<<0.05 P<<0.05
Age: 60-74 P<<0.05 P<<0.05
Age>=75 P<<0.05 P<<0.05

As can be seen from Table 18, all p-values are less than 0.05 and therefore the
null hypothesis HO is rejected, i.e., for all samples, male samples, female samples,
samples under 45 years old, samples between 45 and 59 years old, samples
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between 60 and 74 years old, and samples over 75 years old, the distribution of
‘joy’ and ‘anger’ detected by Affectiva AFFDEX and Emotient FACET all have
statistically significantly difference.

b) Spearman Correlation Coefficient

As can be seen from Table 19, the two systems have the best consistency in the
detection of ‘anger’ for the sample over 75 years old (Rho=0.7119). The two
systems have weak consistency for the detection of ‘joy’ and moderate to strong
consistency for ‘anger’. The consistency for ‘anger’ is stronger than that of ‘joy’.
These correlations are statistically significant as P values are all less than 0.05.

Table 19 Spearman Correlation Coefficient of Dataset of Chinese Politicians (Affectiva
AFFDEX and Emotient FACET)

Anger

Joy
Rho | PValue Rho | PValue

All Data 0.3474 Weak P<<0.05 0.5217 Moderate P<<0.05
Female 0.2662 Weak P<<0.05 0.4051 Moderate P<<0.05
Male 0.3678 Weak P<<0.05 0.4841 Moderate P<<0.05
Age <45 0.3423 Weak P<<0.05 0.4692 Moderate P<<0.05
Age: 45-59 0.3898 Weak P<<0.05 0.5282 Moderate P<<0.05
Age: 60-74 0.2851 Weak P<<0.05 0.4654 Moderate P<<0.05
Age>=75 0.2755 Weak P<<0.05 0.7119 Strong P<<0.05

4.1.3 Discussion

The results of the experiments on dataset with emotion labels show that, for posed
expressions in RAVDESS, Emotient FACET has higher overall accuracy than Affectiva
AFFDEX in the recognition of six emotions, but for spontaneous expressions in
CASME I, Affectiva AFFDEX has higher overall accuracy than Emotient FACET in the
recognition of five emotions. This partially validates the experimental findings of
Stockli et al. [65] that for posed expressions and spontaneous expressions, Emotient
FACET recognition accuracy was higher than Affectiva AFFDEX. The difference
between the two experiments may be related to the different datasets used. For
CASME I, Affectiva AFFDEX tended to identify the emotions of the videos as 'disgust'
and the number of videos for each emotion in the dataset was inconsistent, which
would affect the calculation of the overall accuracy. The experimental results also
validated the finding of Krumhuber et al. [38] that Emotient FACET was less accurate
in recognising spontaneous expression than posed expression.

Meanwhile, it can be found that for both RAVDESS and CASME Il datasets, there is a
significant difference in the distribution between the results of Affectiva AFFDEX and
Emotient FACET for the detection of ‘joy’/‘anger’. The two systems have better
consistency in the detection of ‘joy’/‘anger’ emotion in RAVDESS, which may be
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related to the fact that the videos in CASME Il are spontaneous micro-expressions
while videos in RAVDESS are posed expressions. In RAVDESS, the two systems have
higher consistency for the detection of ‘anger’, while in CASME II, the two systems
have higher consistency for the detection of ‘joy’.

From the experiments on the dataset of politicians, it can be found that the
distribution of ‘joy’/‘anger’ detected by the two systems is found to be significantly
different in samples of different ethnicities, genders and ages. In most cases, the two
systems are more consistent in the detection of ‘anger’ than of ‘joy’. Stronger
consistency in the detection of ‘joy’ than ‘anger’ is found only in the CASME II
dataset and in the sample of Chinese female politicians.

By comparing the consistency of emotion recognition results between the two
systems on RAVDESS and other datasets, it can be seen that the two systems are less
consistent in recognizing spontaneous expressions than posed expressions. Based on
the review of previous studies, this may be caused by the higher accuracy of both
systems for recognising posed expressions and the lower accuracy of recognising
spontaneous expressions. The two systems have different biases in the recognition of
spontaneous expressions, which leads to a decrease in the consistency of the
recognition results between the two systems.

Another finding is that the two systems are less consistent in recognising the facial
expressions of Chinese politicians than those of politicians from other countries. This
may be due to the fact that the training datasets of both systems contain only a small
amount of Asian data, and therefore they are not trained enough for Asian facial
expressions.

4.2 OpenSmile and OpenVokaturi

This section will show the performance of openSmile and openVokaturi on the
datasets with emotion labels (4.2.1), and on the politician dataset (4.2.2) including
the dataset of Chinese politicians (4.2.2.1) and the dataset of other politicians
(4.2.2.2).

4.2.1 Performance on Datasets with Emotion Labels

The EMO-DB contains 535 audios with the emotion label, of which 71 are labelled as
‘happiness’ and 127 are labelled as ‘anger’. Processing these audios using openSmile
and openVokaturi, both systems successfully recognised the emotion of all audios.
The emotion with the highest probability is selected as the predicted emotion for
that audio, and eventually, two confusion matrices are obtained in Figure 22. As can
be seen from the figure, for most of the audio, both systems correctly recognised
their emotions, with an overall accuracy of 82.43% for openSmile across the seven
emotions and 84.80% for openVokaturi across the five emotions. In openSmile, some
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audio with the label 'fear' is incorrectly classified as ‘anger’/‘happiness’, and some
audio with the label ‘happiness’ is incorrectly classified as ‘anger’.
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Figure 22 Confusion Matrix of Emotion Recognition Results of EMO-DB by
OpenSmile (Left) and OpenVokaturi (Right)

Based on the confusion matrix the recognition accuracy and recall of the two systems
for ‘happiness’ and ‘anger’ can be calculated (See Table 20). It can be found that
openSmile is better than openVokaturi in the accuracy and recall of the recognition
of ‘anger’. OpenVokaturi performs better than openSmile in the recall of ‘happiness’,
but is weaker than openSmile in the accuracy of ‘happiness’.

Table 20 Accuracy and Recall of OpenSmile and OpenVokaturi for ‘Happiness’ and

‘Anger’.
Happiness Accuracy 72.97% 49.19%
Recall 76.06% 85.91%
Anger Accuracy 84.03% 81.74%
Recall 95.28% 74.02%

Next, using Mann-Whitney U test and Spearman correlation coefficient to examine
the differences and consistency between the detection results on ‘happiness’ and
‘anger’ in openSmile and openVokaturi.

a) Mann-Whitney U test

The Mann-Whitney U test is used to test whether there is a significant difference
between openSmile and openVokaturi in the detection of ‘happiness’/‘anger’.
The hypotheses are as follows:

HO: There is no difference in the distribution of ‘happiness’/‘anger’ detected by
openSmile and openVokaturi.

H1: There exist differences in the distribution of ‘happiness’/‘anger’ detected by
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openSmile and openVokaturi.

Table 21 Mann-Whitney U Test Results (EMO-DB)

P Value Result \

Happiness 0.1741 Accept HO
Anger 0.0242 Reject HO

The results of the Mann-Whitney U Test are shown in Table 21. The P values
obtained from the tests on ‘happiness’ is 0.1741, therefore accepting the null
hypothesis HO, i.e., no statistically significant differenexistsist in the distribution
of ‘happiness’ detected by openSmile and openVokaturi. The P values obtained
from the tests on ‘anger’ is 0.0242, therefore it suggests that significant
difference exists in the distribution of ‘anger’ detected by openSmile and
openVokaturi.

b) Spearman correlation coefficient

Spearman correlation coefficient is used to examine the consistency in detection
of ‘happiness’/‘anger’ by openSmile and openVokaturi. The results are shown in
Table 22.

Table 22 Spearman Correlation Coefficient (EMO-DB)

Rho P Value
Happiness 0.6065 Strong 4.8161e-55
Anger 0.6946 Strong 2.8682e-78

It can be seen that the two systems have a strong correlation for the detection of
‘happiness’/‘anger’. The consistency of the two systems in the detection of
‘anger’ is slightly better than the consistency of the detection of ‘happiness’. The
P values are all less than 0.05, proving that the correlation is statistically
significant.

4.2.2 Performance on Politician Datasets

Using Mann-Whitney U Test and Kruskal-Wallis Test to test whether
‘happiness’/‘anger’ detected by openSmile or openVokaturi is significantly different
across ethnicities, genders and ages. The Mann-Whitney U Test is used for ethnicity
and gender, and the Kruskal-Wallis Test is used for age. The hypotheses are as follows:

HO: The distribution of ‘happiness’/‘anger’ in different ethnicities/genders/ages has
no difference.

H1: The distribution of ‘happiness’/‘anger’ in different ethnicities/genders/ages has
difference.
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Table 23 Test Results for Differences in the Distribution of ‘happiness’/‘anger’ Across
Ethnicity, Gender and Age (OpenSmile and OpenVokaturi).

OpenSmile OpenVokaturi
Ethnicity | Gender Age Ethnicity | Gender Age
(China, (Female, | (<45, 45- (China, (Female, | (<45, 45-
Others) Male) 60, 60- Others) Male) 60, 60-
75, >75) 75, >75)
Happiness P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Anger P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05 P<<0.05

As can be seen in Table 23, the P value is less than 0.05 in all test results, i.e., in both
openSmile and openVokaturi, the distribution of ‘happiness’/‘anger’ is significantly
different in different ethnicities/genders/ages. Therefore, ethnicity, gender and age
can have an impact on the detection of ‘happiness’ and ‘anger’ by openSmile and
openVokaturi.

Figure 23 shows the peak of ‘anger’ detected for the same audio in openSmile and
openVokaturi. In openSmile, the peak of ‘anger’ occurs at the 2" chunk (2-4 seconds)
with a probability of 2.61%. In openVokaturi, the peak of ‘anger’ occurs at the 113t
chunk (226-228 seconds), with a probability of 99.99%. Differences are found in the
two systems, with the probability of anger being considered small in openSmile,
while in openVokaturi, anger is detected in some audio chunks with a high
probability.
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Figure 23 The Peak of Anger in OpenSmile (Left) and OpenVokaturi (Right)

For ‘happiness’, as can be observed from Figure 24, openSmile considers the peak of
joy occurs at the 115™ chunk (230-232 seconds), with a probability of 3.49%.
OpenVokaturi believes that the peak of joy occursthe at 48t chunk (96-98 seconds),
with a probability of 75.59%. In openSmile, no happiness is detected in the audio,
while in openVokaturi, happiness is detected in some chunks with a high probability.
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Figure 24 The Peak of Happiness in OpenSmile (Left) and OpenVokaturi (Right)

It can be found that openSmile and oopenVokaturi differ in the detection of
‘happiness’ and ‘anger’. Next, the differences and consistency between the two
systems in the detection of ‘happiness’ and ‘anger’ are examined with statistical
methods.

4.2.2.1 Dataset of Chinese Politicians

There are 6785 audio chunks in the audio dataset of Chinese politicians, which are
generated from 45 audios. These audio chunks are processed using openSmile and
openVokaturi, ultimately obtaining 6595 audio chunks with emotion recognition
results in both systems.

Then, the Mann-Whitney U test and Spearman correlation coefficient are used to
check the difference and consistency in ‘happiness’/‘anger’ detection by the two
systems.

a) Mann-Whitney U Test
The hypotheses are as follows:

HO: There is no difference in the distribution of ‘happiness’/‘anger’ detected by
openSmile and openVokaturi.

H1: There exist differences in the distribution of ‘happiness’/‘anger’ detected by
openSmile and openVokaturi.

Table 24 Mann-Whitney U Test Results of Dataset of Chinese Politicians (OpenSmile

and OpenVokaturi)
Happiness Anger \
All Data P<<0.05 P<<0.05
Female P<<0.05 P<<0.05
Male P<<0.05 P<<0.05

Age < 60 P<<0.05 P<<0.05
Age >= 60 P<<0.05 P<<0.05
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As can be observed from Table 24, all P values are less than 0.05, thus the null
hypothesis HO is rejected, i.e., for all samples, male samples, female samples,
samples under 60 years old, and samples over 60 years old, the distribution of
‘joy’ and ‘anger’ detected by openSmile and openVokaturi all have statistically
significantly difference.

b) Spearman Correlation Coefficient

As can be seen from Table 25, For ‘happiness’, the P value detected in the male
sample is greater than 0.05, and for ‘anger’, the P value detected in the male
sample and the sample older than 60 years old is greater than 0.05, indicating
that the correlation is not statistically significant in these samples. The results in
the other samples showed that the two systems are weakly consistent in the
detection of ‘happiness’/‘joy’, with slightly stronger consistency in the detection
of ‘happiness’ than ‘anger’.

In addition, a negative correlation is found between the two systems for the
detection of ‘happiness’ in the male sample, and for the detection of ‘happiness’
and ‘anger’ in the sample older than 60 years old.

Table 25 Spearman Correlation Coefficient of Dataset of Chinese Politicians
(OpenSmile and OpenVokaturi)

Happiness

Rho | PValue [Rho . PValue |

All Data 0.1791 Very Weak P<<0.05 0.1028 Very Weak P<<0.05

Female 0.2698 Weak P<<0.05 0.1861 Very Weak P<<0.05
Male -0.0231 Very Weak 0.1021 | 0.0107 @ Very Weak 0.4501
Age<60 0.3030 Weak P<<0.05 0.1616 Very Weak P<<0.05

Age>=60 -0.1242 Very Weak P<<0.05 -0.0409 VeryWeak 0.0795
4.2.2.2 Dataset of Other Politicians

There are 209 speech audios of politicians from other countries. After segmentation,
these audios generate 22,865 audio chunks of 2000ms in duration. These audio
chunks are processed using openSmile and openVokaturi, ultimately obtaining 22207
audio chunks with emotion recognition results in both systems.

Then, the Mann-Whitney U test and Spearman correlation coefficient are used to
check the difference and consistency in ‘happiness’/‘anger’ detection by the two
systems.

a) Mann-Whitney U Test
The hypotheses are as follows:

HO: There is no difference in the distribution of ‘happiness’/‘anger’ detected by
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openSmile and openVokaturi.

H1: There exist differences in the distribution of ‘happiness’/‘anger’ detected by
openSmile and openVokaturi.

Table 26 Mann-Whitney U Test Results of Dataset of Other Politicians (OpenSmile and

b)

OpenVokaturi)
All Data P<<0.05 P<<0.05
Female P<<0.05 P<<0.05
Male P<<0.05 P<<0.05
Age <45 P<<0.05 P<<0.05

Age: 45-59 P<<0.05 P<<0.05
Age: 60-74 P<<0.05 P<<0.05
Age >=75 P<<0.05 P<<0.05

As can be observed from Table 26, all p-values are less than 0.05, which indicates
the null hypothesis HO is rejected, i.e., for all samples, male samples, female
samples, samples under 45 years old, samples between 45 and 59 years old,
samples between 60 and 74 years old, and samples over 75 years old, the
distribution of ‘joy’ and ‘anger’ detected by openSmile and openVokaturi all
have statistically significantly difference.

Spearman Correlation Coefficient

As can be seen from Table 27, the P values are smaller than 0.05 in all samples
tested, indicating that the correlation is statistically significant. Consistency on
‘happiness’ is stronger than that on ‘anger’ in the whole sample, the female
sample, the sample below 45 years old, the sample between 45 and 59 years old
and the sample between 60 and 74 years old. In contrast, in the male sample
and the sample above 75 years old, the consistency on ‘anger’ is stronger than
that on ‘happiness’.

Table 27 Spearman Correlation Coefficient of Dataset of Other Politicians (OpenSmile

and OpenVokaturi)
Happiness Anger
Rho
All Data 0.2978 Weak P<<0.05 0.2273 Weak P<<0.05
Female 0.1709 Very Weak P<<0.05 0.1216 Very Weak P<<0.05
Male 0.2169 Weak P<<0.05 0.2411 Weak P<<0.05
Age <45 0.3826 Weak P<<0.05 0.2238 Weak P<<0.05
Age: 45-59 0.2528 Weak P<<0.05 0.2091 Weak P<<0.05
Age: 60-74 0.2702 Weak P<<0.05 0.2197 Weak P<<0.05
Age>=75 0.1432 Very Weak P<<0.05 0.2485 Weak P<<0.05
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4.2.3 Discussion

From the above experimental results, it can be found that for the trained dataset
EMO-DB, there is a strong correlation between the two systems on the detection of
‘happiness’ and ‘anger’, the correlation on ‘anger’ is stronger than that on ‘happiness’,
and the distribution of ‘happiness’ is not significantly different in the two systems.
For the dataset that the systems had not learned, the two systems showed weaker
consistency in the detection of ‘happiness’ and ‘anger’. In tests with samples of
different ethnicities, languages, genders, and ages, it is found that the distribution of
‘happiness’/‘anger’ detected by the two systems for the same sample is significantly
different. In most of the samples tested, the consistency of the two systems for
‘happiness’ detection is found to be better than that for ‘anger’.

By comparing the outcome of the experiments on the dataset of Chinese politicians,
which contains only Mandarin audio, and the dataset of other politicians, where the
vast majority of the audio is in English, it can be found that the two systems have
worse consistency in the emotion detection of Mandarin audio, with the results of
the two systems being negatively correlated in some samples, and the correlation is
not significant in some samples. This may be related to the fact that neither of the
two systems has been trained on a dataset containing Mandarin audio.

4.3 Facial Expression and Speech

Video and audio have different time units when recognising emotions, in the video,
the emotion is recognised on average every 35ms for one frame and in the audio, the
emotion is recognised every 2000ms. Therefore, the emotion data from the Affectiva
AFFDEX and Emotient FACET need to be processed. The probability of emotion per
2000ms in videos is calculated using the geometric mean. Then, in all 4 systems, the
emotion with the highest probability is selected as the predicted emotion for that
2000ms. Finally, the predicted emotion is converted to a binary variable based on
whether it is ‘joy’/‘anger’ or not. The McNemar test and Cohen’s Kappa are used to
detect differences and consistency in the detection of ‘joy’/‘anger’ between FER
systems and SER systems. Results of tests on the dataset of Chinese politicians (4.3.1)
and the dataset of other politicians (4.3.2) will be presented.

4.3.1 Dataset of Chinese Politicians

Emotion recognition data from 6522 audio/video blocks are used in this experiment,
and the emotions of these audio/video blocks are recognised in all four systems.

a) McNemar Test

The McNemar test is used to detect the difference between the detection results
of the FER system and the SER system. The hypothesis is as follows:
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b)

HO: There is no difference in the detection of ‘joy’/‘anger’ between the FER
system and the SER system.

H1: There is a difference in the detection of ‘joy’/‘anger’ between the FER
system and the SER system.

Table 28 McNemar Test Results in Dataset of Chinese Politicians (Joy)

Affectiva and Affectivaand Emotientand Emotient and

openSmile openVokaturi openSmile openVokaturi

All Data P<<0.05 P<<0.05 P<<0.05 0.4647
Female P<<0.05 P<<0.05 P<<0.05 P<<0.05
Male P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age < 60 P<<0.05 P<<0.05 P<<0.05 0.1753
Age >= 60 P<<0.05 P<<0.05 P<<0.05 P<<0.05

From the results in Table 28, it can be found that in the test of detection results
for ‘joy’ by Emotient FACET and openVokaturi, P values of 0.4647 and 0.1753 are
obtained for the whole sample and the sample below 60 years old, which
indicates that in these two samples, Emotient FACET and openVokaturi have no
significant difference in the detection results of ‘joy’. In all other tests, significant
differences are found in the detection of ‘joy’ between the FER system the and
SER system.

Table 29 McNemar Test Results in Dataset of Chinese Politicians (Anger)

Affectiva and Affectivaand Emotient and Emotient and

openSmile openVokaturi openSmile openVokaturi
All Data P<<0.05 P<<0.05 P<<0.05 P<<0.05
Female P<<0.05 P<<0.05 0.0578 P<<0.05
Male P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age < 60 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age >= 60 P<<0.05 P<<0.05 0.3173 P<<0.05

As can be seen from the results in Table 29, in the test of the detection results
for ‘anger’ by Emotient FACET and openSmile, P values of 0.0578 and 0.3173 are
obtained in the female sample and the sample older than 60 years old,
demonstrating that Emotient FACET and openSmile do not differ significantly in
the detection of ‘anger’ in these two samples. In all other tests, significant
differences are found in the detection of ‘anger’ between the FER system the
and SER system.

Cohen’s Kappa

Kappa is used to check the consistency of ‘joy’/‘anger’ detected by the FER
system and the SER system.
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Table 30 Kappa Results in Dataset of Chinese Politicians (Joy)

Affectiva and Affectiva and

Emotient and Emotient and

All Data
Female
Male

Age < 60
Age >= 60

openSmile
-0.0003
-0.0012
0.0
-0.0004
0.0

Table 31 Kappa Results in Dataset of Chinese Politicians (Anger)

openVokaturi
0.0119
0.0102
-0.0023
0.0194
-0.0075

Affectiva and Affectiva and

openSmile
-0.0003
-0.0013
0.0
-0.0004
0.0

openVokaturi
-0.0529
-0.0228
-0.1053
-0.0288
-0.1246

Emotient and Emotient and

All Data
Female
Male

Age < 60
Age >= 60

openSmile
-0.0024
-0.0011
0.0
-0.0034
0.0

openVokaturi
0.0156
-0.0013
0.0278
-0.0027
0.0642

openSmile
-0.0021
-0.0021
0.0
-0.0029
0.0

openVokaturi
0.0001
-0.0026
0.0018
-0.0015
0.0032

As can be seen from Table 30 and Table 31, the kappa values are all very low,
indicating that these FER systems and SER systems are very weak in consistency

or even inconsistent in the detection of ‘joy’/‘anger’.
4.3.2 Dataset of Other Politicians

Emotion recognition data from 20862 audio/video blocks are used in this experiment,
and the emotions of these audio/video blocks are recognised in all four systems.

c¢) McNemar Test
The hypothesis is as follows:

HO: There is no difference in the detection of ‘joy’/‘anger’ between the FER
system and the SER system.

H1: There is a difference in the detection of ‘joy’/‘anger’ between the FER
system and the SER system.

Table 32 McNemar Test Results in Dataset of Other Politicians (Joy)

Emotient and Emotient and

Affectiva and Affectiva and

openSmile openVokaturi openSmile openVokaturi
All Data P<<0.05 P<<0.05 P<<0.05 P<<0.05
Female P<<0.05 P<<0.05 P<<0.05 P<<0.05
Male P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age <45 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age: 45-59 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age: 60-74 P<<0.05 P<<0.05 P<<0.05 P<<0.05
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Age >=75 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Table 33 McNemar Test Results in Dataset of Other Politicians (Anger)

Emotient and Emotient and

Affectiva and Affectiva and

openSmile openVokaturi openSmile openVokaturi
All Data P<<0.05 P<<0.05 P<<0.05 P<<0.05
Female P<<0.05 P<<0.05 P<<0.05 P<<0.05
Male P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age <45 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age: 45-59 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age: 60-74 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age >=75 P<<0.05 P<<0.05 P<<0.05 P<<0.05

From the results in Table 32 and Table 33, it can be found that all the tests
obtained P values less than 0.05, indicating that the null hypothesis HO should be
rejected, i.e., there are statistically significant differences in the detection of
‘joy’/‘anger’ between these facial emotion detection systems and speech
emotion detection systems.

Cohen’s Kappa

The consistency of ‘joy’/‘anger’ detected by the FER system and the SER system
are as follows.

Table 34 Kappa Results in Dataset of Other Politicians (Joy)

Emotient and Emotient and
openSmile openVokaturi

Affectiva and Affectiva and
openSmile openVokaturi

All Data
Female
Male

Age <45
Age: 45-59
Age: 60-74
Age >=75

0.0245
0.0259
-0.0003
0.0372
0.0264
0.0173
-0.0024

0.0067
-0.0087
-0.0134
-0.0142

0.0151
-0.0084

0.0818

0.0113
0.0085
-0.0003
0.0029
0.0222
0.0139
-0.0025

0.0358
-0.0225
-0.0496
-0.059
0.004
0.0611

0.1778

Table 35 Kappa Results in Dataset of Other Politicians (Anger)

All Data
Female
Male

Age <45
Age: 45-59
Age: 60-74
Age >=75

Affectiva and Affectiva and

openSmile

-0.018
-0.0254
-0.0013
-0.0485
-0.0058
-0.0105

0.0

openVokaturi
0.0334
-0.0279
0.0669
-0.0487
0.0314
0.0571
0.1886
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Emotient and Emotient and

openSmile

-0.0143
-0.0079
0.0005
-0.0459
-0.0042
0.0047

0.0

openVokaturi
0.0214
-0.0044
0.0332
-0.0023
0.0102
0.0177
0.0832



As can be seen from Table 34 and Table 35, the kappa values are very low in all
cases, indicating that these FER systems and SER systems are very weak in
consistency or even inconsistent in the detection of ‘joy’/‘anger’. Only for the
sample older than 75 years old, where a relatively better consistency is found
between Emotient FACET and openVokaturi for the detection of ‘joy’
(Kappa=0.1778) and Affectiva AFFDEX and openVokaturi for the detection of '
anger' (Kappa=0.1886), but these consistencies are still very weak.

4.3.3 Discussion

The above experiments show that there is no significant difference found between
Emotient FACET and openSmile for the detection of ‘anger’ and between Emotient
FACET and openVokaturi for the detection of ‘joy’ in a few samples. Meanwhile, the
FER systems and the SER systems have a very weak consistency in the recognition of
‘joy’/‘anger’. This phenomenon exists in samples of different races, languages,
genders and ages.

This may be related to the fact that different emotion recognition systems have
different biases when performing emotion recognition, and these biases increase the
differences in emotion recognition results.

In addition to this, it can also be caused by ‘emotion leakage’, where politicians may
try to control their facial expressions and voices to some extent when speaking in
public, leading to a situation where the emotions detected by the systems do not
match the actual emotions.

4.4 Text, Facial Expression and Speech

Using Amazon Transcribe to transcribe the content of the speech, 45 transcribed
texts were obtained, along with each word and its corresponding timestamp, and
other information, ultimately 27462 words are obtained. Among these words, the
most frequent occurrences are words like ‘HJ’(of), ‘F41’(we) and some intonation
words. After removing stop words, Table 36 shows the 10 most frequent words.

Table 36 Top 10 most frequent words

Order Word Frequency Order Word Frequency
1 TAE (job) 135 6 [ (prevent) 99
K JE (develop) 117 7 J1fl (aspects) 98
3 751 (epidemic) 114 8 {# 5 (health) 90
4 % (control) 109 9 A (personnel) 85
5 H1 [ (China) 100 10 ] B (problem) 84

Based on the timestamps, the duration of saying each word and the gap between
each word are also calculated. The average duration of each word is 0.38 seconds
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and the average gap between words is 0.11 seconds. In addition, reference texts are
obtained by manual transcription, and the character error rate (CER) of the Amazon
Transcribe transcription results is calculated to be 5.30%.

Using HowNet and NTUSD, the sentiment polarity of the words is annotated,
resulting in 3452 words being annotated, of which 2339 are positive and 1113 are
negative.

Next, the McNemar test and Cohen’s kappa are used to examine the differences and
consistency between the results of textual sentiment analysis and emotion
recognition systems on the detection of ‘joy’(‘positive’)/‘anger’(‘negative’).

a) McNemar Test

The McNemar test is used to detect the difference between the results of the
textual sentiment analysis and emotion recognition systems. The hypothesis is as
follows:

HO: There is no difference in the detection of ‘joy’(‘positive’)/‘anger’(‘negative’)
between the textual sentiment analysis and the emotion recognition system.

H1: There is a difference in the detection of ‘joy’(‘positive’)/‘anger’(‘negative’)
between the textual sentiment analysis and the emotion recognition system.

Table 37 McNemar Test Results in Dataset of Chinese Politicians (Joy/Positive)

Textand Textand Text and Text and

Affectiva Emotient openSmile openVokaturi

All Data P<<0.05 P<<0.05 P<<0.05 P<<0.05
Female P<<0.05 P<<0.05 P<<0.05 0.0812
Male P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age < 60 P<<0.05 P<<0.05 P<<0.05 P<<0.05
Age>=60 P<<0.05 P<<0.05 P<<0.05 P<<0.05

The results in Table 37 show that most of the tests obtained a P value lower than
0.05, indicating that there is a significant difference between the textual
sentiment analysis and the emotion recognition system in the detection of ‘joy’
(‘positive’). Only in the female sample, no significant difference is found between
the results of openVokaturi and text analysis on ‘joy’ (‘positive’).

Table 38 McNemar Test Results in Dataset of Chinese Politicians (Anger/Negative)

Textand Textand Text and Text and

Affectiva Emotient openSmile openVokaturi

All Data P<<0.05 P<<0.05 P<<0.05 P<<0.05
Female P<<0.05 P<<0.05 P<<0.05 P<<0.05
Male 0.1652 P<<0.05 P<<0.05 P<<0.05
Age < 60 P<<0.05 P<<0.05 P<<0.05 P<<0.05
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b)

Age>=60  P<<0.05 P<<0.05 P<<0.05 P<<0.05

It can be observed from the results in Table 38 that most of the tests obtained a
P value lower than 0.05, indicating that there is a significant difference between
the textual sentiment analysis and the emotion recognition system in the
detection of ‘joy’ (‘positive’). Only in the male sample, no significant difference is
found between the results of Affectiva AFFDEX and text analysis on ‘joy’
(‘positive’).

Cohen’s Kappa

Kappa is used to check the consistency of ‘joy’(‘positive’)/‘anger’(‘negative’)
detected by the textual sentiment analysis and the emotion detection system.

Table 39 Kappa Results in Dataset of Chinese Politicians (Joy/Positive)

Textand Textand Text and Text and

Affectiva Emotient openSmile openVokaturi

All Data 0.004 0.0653 -0.0003 0.0054
Female 0.0106 0.0578 -0.0013 0.0333
Male 0.0024 0.0692 0.0 -0.0015
Age < 60 0.006 0.0761 -0.0004 0.0077
Age >=60 0.0024 0.0593 0.0 0.0001

Table 40 Kappa Results in Dataset of Chinese Politicians (Anger/Negative)

Textand Textand Text and Text and

Affectiva Emotient openSmile openVokaturi

All Data -0.0208 -0.0034 -0.0024 -0.0274
Female 0.0074 -0.0026 -0.01 -0.0483
Male -0.0169 -0.0023 0.0 -0.0229
Age < 60 -0.0204 -0.0056 -0.0034 -0.0183
Age >= 60 -0.0362 -0.0011 0.0 -0.0612

From the Kappa in Table 39 and Table 40, it can be found that the textual
sentiment analysis and emotion recognition systems are very poor in consistency
in the detection of ‘joy’ (‘positive’)/‘anger’ (‘negative’). In ‘anger’ (‘negative’),
most of the sentiment analysis results are not consistent, while in ‘joy’
(‘positive’), the results are slightly better, but the consistency of the sentiment
analysis results is still very weak.

From the above experimental results, it can be found that in most cases, the textual

sentiment analysis and emotion recognition systems differ significantly in their
results and have a very weak consistency. There are several possible reasons for this
result.

First, due to the limitations of the Chinese sentiment lexicon, HowNet and NTUSD
used in this experiment were created at an earlier time, and some new sentiment
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words have not been added to the lexicon. Meanwhile, NTUSD was created by a
university in Taiwan, while the politicians collected in the experiment were all from
mainland China and there may be differences in language expressions and
vocabulary usage. These may lead to inaccurate results of the textual sentiment
analysis.

Secondly, the emotion recognition system also has biases in emotion recognition, as
demonstrated by previous experimental results, the system may confuse some of the
emotions, resulting in emotions being classified incorrectly. Also, previous
experiments have found that these emotion recognition systems have poor
consistency in the recognition of emotions of Chinese politicians compared to other
politicians.

Third, differences in emotion recognition results may be due to 'emotional leakage'.
When politicians speak in public, they may control their facial expressions and
speech to a certain extent, which leads to the fact that when words with positive
emotions are spoken, joy may not be detected in the face or voice.

4.5 Physical Correlates of Emotions

In this chapter, the physical correlates of emotions will be validated in the politician
dataset, and the Spearman correlation coefficient is used to examine the correlation
of ‘joy’/‘anger’ with action units (4.5.1), and acoustic features (4.5.2).

4.,5.1 Action Units

The Spearman correlation coefficient is used to detect the correlation between the
action units and ‘joy’/‘anger’ in the emotion recognition results of Affectiva AFFDEX
and Emotient FACET. A threshold value of 0.4 is chosen, which indicates that the
correlation strength is moderate or above. If there is no correlation greater than 0.4,
the action unit with the highest correlation is listed. The final results are shown
below, with the corresponding Spearman correlation coefficient labelled after each
action unit.

Table 41 Correlation between Action Units and ‘Joy’ (Affectiva AFFDEX)

Chinese Others \
AllData AU25 0.35 AU12 0.47
Female AU25 0.64 AU12 0.48
AU6 0.45 AU6 0.42

AU9  0.45
AU12 0.45
AU4 041
AU10 04
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Male AU25 0.32 AU12 0.44
Age<60 AU12 0.38 AU12 0.5
Age>=60 AU25 0.51 AU12 0.43

Table 41 shows results from Affectiva AFFDEX. It can be found that for politicians
from other countries, ‘joy’ is found to be correlated with AU12 in different samples.
In contrast, for Chinese politicians, ‘joy’ is only found to be better correlated with
AU12 in the female sample and the sample younger than 60 years old, while AU25 is
found to be better correlated with ‘joy’ in most of the samples.

Table 42 Correlation between Action Units and ‘Joy’ (Emotient FACET)

Chinese Others |
AU
AllData AU12 0.86 AU12 0.88
AU14 0.72 AU14 0.57
AU28 0.66 AU28 0.4
AU24 0.46
Female AU12 0.86 AU12 0.91
AU14 0.55 AU6 0.63
AU20 0.55 AU14 o0.61
AU10 0.49 AU28 0.46
AU28 0.48
Male AU12 0.83 AU12 0.86
AU14 0.73 AU14 0.51
AU28 0.69
AU24 0.5
Age<60 | AU12 0.87 AUl12 0.87
AU14 0.67 AU14 0.55
AU28 0.6 AU6 043
AU28 0.4
Age>=60 AU12 0.88 AUl12 0.89
AU14 0.85 AU14 0.6
AU28 0.83
AU9  0.65
AU24 0.63
AU23 0.52
Au4  0.49
AUu43 0.42
AU6 0.41

In Emotient FACET (See Table 42), on the other hand, AU12 and AU14 are found to be
strongly correlated with ‘joy’ across samples of different ethnicities, genders and
ages, and AU28 is also found to be correlated with ‘joy’ in most samples.
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Table 43 Correlation between Action Units and ‘Anger’ (Affectiva AFFDEX)

Chinese Others
AU Rho | AU Rho
All Data AU4 0.56 AU4 0.71
AUS 041 AU7 0.48
Female AU25 0.53 AU4 0.55

Male AU4 0.62 AU4 0.8
AU9 046 AU7 0.57

AU9 0.4

Age<60 AU4 0.59 AU4 0.75
AU7 0.4

Age>=60 AU4 0.51 AU4 0.68
AU7 0.59

AU9 0.44

As can be seen in Table 43, AU4 is found to be well correlated with ‘anger’ in most of
the samples in Affectiva AFFDEX, except for the Chinese female sample. AU7 is also
found to be better correlated with ‘anger’ for politicians from other countries, but
the correlation was not found for Chinese politicians.

Table 44 Correlation between Action Units and ‘Anger’ (Emotient FACET)

Chinese Others
AU Rho | AU Rho
All Data AU9 0.67 AU4 0.61
AU18 0.46 AU9 0.57
AU23 0.42 AU23 041
AU24 0.4 AUl18 0.4
Female AU4 | 0.61 AU9 0.52
AU5 | 0.48 AU18 0.46
AU9 0.48
AU18 0.41
AU17 0.4
Male AU9 0.72 AU4 0.67
AU23 0.54 AU23 0.54
AU24 049 AU9 0.5
AU18 0.47 AU24 0.41
AU43 045 AU7 04
Age<60 | AU9 0.58 AU4 0.63

AU9 0.57
AU7 041
AU23 04

Age>=60 AU9 0.81 AU9 0.59
AU24 0.72 AU4 0.55
AU23 0.67 AU18 0.54
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AU14 0.63 AU24 0.44
AU18 0.6 AU23 0.42
AU28 0.59
AU12 0.52
AU17 0.44
AUu43 04

From the results of Emotient FACET (See Table 44), it can be found that AU9 has a
better correlation with ‘anger’ across samples of different ethnicities, genders and
ages. For politicians from other countries, AU4 was found to correlate with ‘anger’ in
the majority of the sample, except for the female sample.

As can be seen from the above results, there are differences in the physical correlates
of emotion obtained by Affectiva AFFDEX and Emotient FACET, and also differences in
the correlations found in samples of different ethnicities, genders, and ages. Overall,
AU12 is found to have a strong correlation with ‘joy’ in the majority of samples and
both systems, while AU14 is also found to be well correlated with ‘joy’ in different
samples in Emotient FACET. AU4 is found to be well correlated with ‘anger’ in the
vast majority of samples in Affectiva AFFDEX, and AU9 is found to be well correlated
with ‘anger’ in different samples in Emotient FACET.

4.,5.2 Acoustic Features

FO has been shown to vary across language and gender in previous studies, and this
is verified on the politician dataset in this study.

Table 45 FO Mean in Different Samples

All Data 134.48 115.88
Female 157.85 135.58
Male 127.39  102.60

As can be seen from Table 45, FO is higher in Mandarin than in other languages
(mainly English), and it is found to be higher in females than in males in different
languages, which is consistent with the findings of previous studies.

The correlation of FO, the mean of MFCCs, the standard deviation of MFCCs, Jitter
and Shimmer with emotions is examined in samples of different ethnicities,
languages, genders, and ages using the Spearman correlation coefficient. In the
following tables, the acoustic features with absolute values of Spearman's correlation
coefficient greater than 0.3 and their corresponding correlation coefficients are listed.
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Table 46 Correlation between Acoustic and ‘Joy’

Chinese

Feature
All Data FO

MFCCs Mean

MFCCs Std
Female FO

MFCCs Mean

MFCCs Std

MFCCs Std
Male FO

MFCCs Mean

MFCCs Std
Age<60 FO

MFCCs Mean

MFCCs Std
Age >=60 FO

MFCCs Std

Others

Rho Feature Rho
0.6192 FO 0.3367
-0.5164 MFCCs Mean -0.3357
0.3442

0.6013 FO 0.4011
-0.7001 = MFCCs Mean | -0.3524
0.3366

-0.3376

0.5668

-0.3045

0.3049

0.665 FO 0.3362
-0.5704

0.3234

0.5067 FO 0.3431
0.4728 MFCCs Mean -0.3873

As can be seen from Table 46, FO is found to be correlated with ‘joy’ in samples with
different languages, genders and ages, and the correlation is stronger in the Chinese
sample. MFCCs mean is also found to be correlated with ‘joy’ in most of the samples,
with the strongest correlation in the Chinese females (Rho = -0.7001). The standard
deviation of MFCCs was also found to be weakly correlated with ‘joy’ in the Chinese
sample. In these samples, lJitter and Shimmer are found to have a very weak

correlation with ‘joy’.

Table 47 Correlation between Acoustic and ‘Anger’

Chinese Others
Rho
All Data FO 0.5531 MFCCs Mean -0.3226
MFCCs Mean -0.5066
MFCCs Std 0.3201
Female FO 0.4292 FO 0.3213
MFCCs Mean -0.729  MFCCs Mean | -0.3556
Jitter -0.3263
Male FO 0.5118
Age<60 FO 0.5902
MFCCs Mean -0.5698
Age>=60 FO 0.4487 MFCCs Mean -0.3682
MFCCs Std 0.4487

From Table 47, it can be found that FO has a moderate correlation with ‘anger’ in
Chinese samples, while it has a weaker correlation with ‘anger’ in samples from
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other countries. MFCCs mean is found to have a strong correlation with ‘anger’ in
Chinese female samples (RHO=-0.729). The standard deviation of MFCCs is found to
have a moderate correlation with ‘anger’ in a sample of Chinese people who are
older than 60 years old (RHO=0.4487). Jitter is found to have a weak correlation with
‘anger’ in the Chinese female sample (RHO=-0.3263).

From the above results, it can be found that the physical correlates of emotions
differed in samples with different ethnicities, languages, genders and ages. The
correlations of Jitter and Shimmer with ‘joy’ and ‘anger’ are found to be very weak in
the majority of the samples. In most of the samples, the correlations of acoustic
features with ‘joy’ are slightly stronger than those with ‘anger’. The correlation
between these acoustic features and emotions is slightly stronger in the Chinese
sample compared to the samples from other countries.

Chapter 5 Conclusion and Future Work

5.1 Key Findings

This study reviews previous research on the correlation between facial expression
and acoustic features and emotions, and reviews relevant research on the 4 emotion
recognition systems Affectiva AFFDEX, Emotient FACET, openSmile and openVokaturi.
In these studies, differences in facial expression and acoustic features were found in
different ethnicities, languages, genders and ages. While the FER systems, Affectiva
AFFDEX and Emotient FACET, were trained using datasets containing only a very small
amount of Asian data, the SER systems, openSmile and openVokaturi, were trained
only on audio in English and German. In addition, previous studies on the
performance of these emotion recognition systems have lacked research on Asians
and Mandarin. In this study, the performance of 4 emotion recognition systems was
compared using speech videos and audios of Chinese politicians, and videos and
audios of politicians from other countries were used as controls to find out if there
was any difference in the performance of these systems in facial expression and SER
of people in different ethnicities, languages, genders and ages. In addition to this, an
attempt was made to analyse the emotions in Chinese speech texts and to compare
the results with those of facial and SER.

In this study, 45 speech videos of Chinese politicians, and 212 speech videos of
politicians from other countries were collected and the audio was extracted from
them. These videos and audios were eventually processed using two FER systems
and two SER systems, and the results of these systems were analysed for differences
and consistency in the detection of the two emotions ‘joy’ and ‘anger’. In addition,
the two video datasets with emotion labels, RAVDESS and CASME I, and one audio
dataset with emotion labels, EMO-DB, were used for analysis and as a baseline. The
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text of the Chinese speech was then transcribed using Amazon Transcribe, and
sentiment analysis was performed on the text with HowNet and NTUSD, finally
comparing the results with the results of the emotion recognition systems.

Ultimately, Affectiva AFFDEX and Emotient FACET were found to be less consistent in
recognising emotions in Chinese politicians than in politicians from other countries.
Meanwhile, the two systems were also less consistent in the recognition of
spontaneous expressions than in the recognition of posed expressions. It was also
found in openSmile and openVokaturi that they were less consistent in identifying
the emotions of Chinese politicians than in identifying the emotions of other
politicians. Moreover, the consistency in the recognition of emotions in the speech
audio of these politicians was worse than that in the EMO-DB. These phenomena
may be due to the following reasons. Firstly, spontaneous emotional expressions are
less likely to be recognised compared to posed expressions. Secondly, different
emotion recognition systems have different biases in recognising emotions. Third,
the lack of training of the systems on Asian facial expressions or Mandarin may lead
to a decrease in their accuracy in recognising emotions on these data, thus increasing
the inconsistency between systems.

A comparison of the results of the FER system and the SER system revealed that the
two systems had very weak consistency, or even inconsistency, in the recognition
results across samples of different ethnicities, languages, genders and ages. In the
comparison of Chinese text sentiment and the results of the emotion recognition
system, poor consistency or even inconsistency was also found. Possible reasons for
this phenomenon are, firstly, different emotion recognition systems have different
accuracy in emotion recognition, which may result in an inconsistency between
systems. Secondly, there may be poor consistency due to 'emotion leakage'.
Politicians may control their facial expressions or voices when speaking in public in
order to portray a certain image or convey a certain idea, which may cause the
emotion detected by the system from one aspect not to be the real emotion, thus
causing inconsistency between systems.

Finally, this study verified the physical correlates of emotions. For action units, AU12
was found to be correlated with ‘joy’ across samples of different races, genders, and
ages, and the correlation was strong, which is consistent with previous findings.
AU14 was found to be strongly correlated with ‘joy’ in results of Emotient FACET,
which has not been mentioned in previous studies. In addition to this, AU6 was
found to be correlated with ‘joy’ in previous studies and that correlation was also
found in some samples in this study. For ‘anger’, most previous studies have
suggested that AU4, AU7, AU23 and AU24 are correlated with it. In this study, AU4,
AU23 and AU24 were found to be correlated in the sample of Chinese politicians and
politicians from other countries, while AU7 was only found to be better correlated
with ‘anger’ in politicians from other countries. For acoustic features, it was found
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that the mean FO in Mandarin was higher than the mean FO in other languages, and
the mean FO in females was found to be higher than the mean FO in males in
different languages, which validates the previous study. In addition, FO was found to
correlate with ‘joy’ and ‘anger’ in all Chinese politician samples, while for politicians
from other countries, it was found to have better correlations with ‘joy’/‘anger’ in
some gender and age groups only. The mean and standard deviation of MFCCs were
also found to correlate with ‘joy’/‘anger’ in some samples.

5.2 Future Work

The text analysis method used in this study is a simple textual sentiment analysis
based on sentiment lexicons. Due to the limitation of the quantity and quality of
Chinese sentiment lexicons, the sentiment lexicons used for this study are HowNet
and NTUSD, which are two Chinese sentiment lexicons developed at an earlier time,
so some new words have not been added to the lexicons. Furthermore, NTUSD is a
lexicon developed by Taiwan University, and some words and expressions are
different from those in mainland China, the results of textual sentiment analysis may
not be ideal. One direction for future work is to build a more complete sentiment
lexicon or to use machine learning methods to achieve a more accurate sentiment
analysis of texts.

In this study, differences are found among the emotion recognition results for
facial expression, speech and text, which may be due to the accuracy of the
emotion recognition of the systems and ‘emotion leakage’. In order to improve the
emotion detection accuracy, the emotion recognition results from several aspects
can be combined to build a multimodal emotion recognition system. Therefore,
another future work is to find a way to combine facial emotion recognition results,
speech emotion recognition results and textual sentiment analysis results to build
a more comprehensive and accurate emotion recognition system.

An implementation of this is through fuzzy logic [74]. Taking ‘joy’ as an example, it
is difficult to set a clear boundary to distinguish the two concepts of ‘joy’ and 'not
joy', while in fuzzy logic the two concepts can be fuzzed by the Degree of
Membership. The process of calculation involves, firstly, defining the Degree of
Membership function. According to this function, the probability of ‘joy’ input by
the two systems can be transformed into the Degree of Membership of ‘joy’,
‘emotion in the middle’ and ‘not joy’. Next, a 3 x 3 table is created in which the
Degree of Membership obtained by the two systems is converted into 9 outputs,
which are called Fire Strength, by using either the maximum or minimum rule.
Then a calculation is defined that allows these 9 Fire Strength values to be
converted into one final output value, one common calculation is the weighted
average method. Eventually, a threshold can be set to determine whether the
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emotion is ‘joy’ based on the output value. When using this method, emotions can
be subdivided depending on the situation, for example, ‘joy’ and ‘not joy’ can be
further divided into ‘joy’, ‘little bit joy’, ‘emotion in the middle’, ‘little bit not joy’,
‘not joy’. Additional inputs are also possible, for example using three emotion
recognition results as input.

In order to test the effectiveness of this data fusion approach, the emotions of the
samples need to be manually labelled first. In addition, tests can also be carried
out on datasets that already have emotion labels.
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