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ABSTRACT
Affective computing is a computing related to, arise from, or in-
fluences emotions. Various emotion modeling and machine lear-
ning methods are used in affective computing. To explain human
emotional states, psychologists developed various emotion models.
Their models and methods have been adapted to affective compu-
ting. Machine learning, a field of study that gives computers the
ability to learn without being explicitly programmed, is also essen-
tial to make computers deal with uncertain object like emotion. In
this survey, we first review several emotion modeling techniques.
Then we review machine learning techniques which is used in af-
fective computing.
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1. INTRODUCTION
Rosalind W. Picard, the pioneer of affective computing, stated that
affective computing is a computing related to, arise from, or influ-
ences emotions [50]. When Picard started her affective computing
research in 1990s and she insisted that computers may have the
ability to express, recognize, and have emotions, the reaction from
peers was a LOL (Laugh Out Loud) in the phrase of herself [51].
Now it is popular, and there is an IEEE transactions on Affective
Computing. Nowadays in IT industries, companies more and more
wants to provide personalized services to their customers using big
data from web, e-mail, and market checkout. In 2000s, the num-
ber of smartphone users explosively increased, and it will give us
another chance to get numerous, unobtrusive, and inexpensive sen-
sor data from human. And even if wearable devices are increased,
the amount of the data from human will take off. This increase of
quantity and improvement of quality of human data will give us a
great chance for affective computing.

Picard, in her paper [50], stated that affective computing will be
used in various applications like assisted learning, perceptual in-
formation retrieval, arts and entertainment, - so-called "affective
gaming", which is a good example of affective computing appli-

cations - health and human computer interaction. Izard also men-
tioned that emotional limbic brain influences plays a role in reco-
gnition function of our brain. All sensory inputs, external visceral,
must pass through the limbic brain before being redistributed to the
cortex for analysis [26]. Emotion recognition and feedback from
teacher to students, from performer to audiences, from doctor to
patients helps to make them more focus on, or more satisfy [50].
This is the reason that emotion recognition will help computers
to do a better job in these applications. Emotion recognition and
feedback from a computer system to students, audiences, patients,
gamers will increase the achievement of the system.

To build a system to understand human emotion, it will be bet-
ter to understand human emotion by ourselves. From the antiquity
to the Second World War, philosophers, biologists, psychologists
tried to explain emotional phenomena of human. In antiquity, Pla-
to suggest that the soul has a tripartite structure, composed of the
separate and opposing areas of cognition, emotion, and motivati-
on. Aristotle argued for the impossibility of such a separation and
for the assumption of an interaction between the different levels
of psychological functioning. Descartes, the father of modern phi-
losopher, insisted that mental and physiological processes have to
deal with at the same time. Charles Darwin, in his book "The Ex-
pression of Emotion in Man and the Animals" (1872) emphasized
the expression of emotion in face, body and voice with intercultural
studies and developmental approaches. William James, an Ameri-
can psychologist who was also trained as a physician, suggested
that the emotion is the perception of differentiated bodily chan-
ges, specific for each emotion. In contemporary, psychologists are
interested in emotion elicitation and differentiation, patterning of
reaction modalities, and proprioceptive emotional systems [56].

Today’s affective computing research can be classified into two
main areas according to direction of research. The first case is a
research for AI agent. They are interested in building AI agent
who can achieve emotional reaction against the change of envi-
ronment. They are interested in emotion arousal process. Emotion
arousal theories in psychology, like James-Lange Theory, Cannon-
Bard Theory, Schachter-Singer’s Two-Factor Theory, are used in
these systems. Computationally, rule-based agent-environment mo-
del is commonly used for these systems. Though this is also inte-
resting, but I will not cover this issue, because normally this rese-
arch focused on artificial agent for simulations or games in specific
situations, rather than a research in real world human affect. One
thing I just want to remark about this case, reinforcement learning
in machine learning will be naturally well suited for this kind of
agent-based model, and often used. The second case is machine
learning research as a tool of psychology. It means the case that



psychologists used machine learning algorithm - generally super-
vised learning - as a tool for their research, or computer scientists
used human emotion data as dataset to study. They were generally
interested in building systems, which may have a webpages, smart-
phones or dedicated mobile devices to detect human conditions and
provide ’proper’ service in the context of user’s emotional status, to
make questions and get feedbacks, and so on. Machine learning is
surely a proper tool to make computers study human emotion. ML
enables that computer can deal with something that is not clearly
programmed - like emotion. As the capacity of data grows, machine
learning will be more and more emphasized. We will review machi-
ne learning techniques applied in the context of affective computing
in the later chapter.

Besides these two directions, I want to talk about more fundamental
issue about human affect and its research. Let’s take the example
of computational social science. Computational social science is an
emerging research area, which rise about the same time with affec-
tive computing. Computational social science is a field which try to
study social issues with the methodology of natural science. Gary
King, in his article about computational social science in Science
Magazine [30], talks about the scientific methodology to study so-
cial phenomenon and behavior of human. He mentioned about the
success of science in the past centuries, and the limitation of exis-
ting humanities researches - to quote his sentence, "In sharp con-
trast, the (smaller number of) social scientists did not mention a sin-
gle problem they thought might be addressed, much less solved, or
any inventions or discoveries on the horizon." He insisted that it is
time to use powerful methodology of science to study human mo-
re deeply, and concisely. Though the word, ’computational social
science’ has broader meaning than ’social computing’ sometimes,
but it is still true that they are targeting more fundamental issues.
This can be equally applied for the affective computing. Though
we can just apply ML techniques to data and models from psycho-
logical research, it would be much better, if we verify that the data,
model, process of psychology suits for the scientific methodolo-
gy. Building a reliable methodology to research about human (in-
cluding observation, measuring, processing, feedback) is another
important role to play for computer scientists who study affective
computing. Galileo Galilei left a famous quote, "Measure what is
measurable, and make measurable what is not so." We have to cri-
tically think that data is measured properly, even which is about
emotions.

In this paper, I want to provide better understanding of state of the
art emotion modeling and machine learning in affective computing,
and investigate what is the challenges to get better understanding of
human emotion from the perspective of computer science. The fol-
lowing sections are organized like this. In section 2, emotion mo-
deling methods will be reviewed. In section 3, machine learning
methods which are used in affective computing will be selectively
reviewed. In section 4, we will propose issues of affective compu-
ting should be tackled, related to emotion modeling and machine
learning. Then, conclusion will follow.

2. EMOTION MODELING IN AFFECTIVE
COMPUTING

How can we make the emotion measurable? Let’s briefly review
major existing models for emotion research in psychology. In psy-
chology, many models were developed and improved to explains
affective states of human. Scherer, Rodriguez, Marsella each sum-
marized emotional representation models which are used for affec-
tive computing. Scherer [56] classified emotion models into four

categories, dimensional, discrete, meaning oriented, componenti-
al. Rodriguez [54] classified them into basic emotions, appraisal
theory, core effect of emotions, PAD space model. Finally, Mar-
sella [43] classified them into appraisal, dimensional, anatomical,
rational. Among them, we will briefly cover five emotion models,
discrete model, appraisal model, dimensional model, and circuit
model, componential model.

2.1 Discrete model and Basic emotions
Basic emotions are widely used for emotion research in psycho-
logy or physiology. Ekman presented six basic emotions (anger,
surprise, happiness, disgust, sadness, and fear) which are common
regardless of cultural difference in the world in 1960s. He resear-
ches emotional expressions of face, and how people in different cul-
tural environment recognize the facial expressions. And he found
out that those six basic emotions are commonly recognizable in
most of cultures [15]. In 1990s, he expanded it into 15 emotions
like amusement, anger, contempt, contentment, disgust, embarrass-
ment, excitement, fear, guilt, pride in achievement, relief, sadness
(or distress), satisfaction, sensory pleausure, and shame [14]. Ek-
man’s Basic emotions research has an important meaning that sho-
wed that emotions are cross-cultural, though anthropologist sho-
wed that some of emotions are cultural, and language has strong
influence to categorize feeling and emotions into several (language-
defined) classes of emotions later. But there are also limitations
that it is hard to find out which emotions are basic, - fundamen-
tal or primary, and others are additional or subordinate, and even
could be made of combinations of basic emotions. It is even hard
to say what are qualifications for the basic emotions. Laird and Oat-
ley(1989) [27] proposed five basic emotions (anger, despair, shame,
anxiety, happiness). And there are also another version of six basic
emotions (excited, tender, scared, angry, sad, happy), and 8 basic
emotion categories (ecstasy, admiration, terror, amazement, grief,
loathing, rage, vigilance) and 4 stage for each category. A recent
biological study says that there are four basic emotions like happy,
sad, afraid (or surprised), and angry (or disgusted) [35]. D’Mello
argued that Ekman and other researcher’s tried to decide so-called
basic emotions, but basic emotions can varies over cases of envi-
ronment and situation [12]. Though it has clear limitations, it still
has a strong basis that our thought categorized by getting influ-
ences from words of language. Discrete model is widely used in
psychology and affective computing research because of its sim-
plicity. Almost all affective computing research uses dataset which
has language-defined emotion class labels. Besides this, many af-
fective computing researches used discrete model. Table 1 shows
existing publications presenting research progress in affective com-
puting and the emotion modeling methods applied in each of these
works. Maxhuni, Hosub, Haque, Attabi, Chang, Schuller, Rachuri,
Kolodyazhniy, Wu [7, 21, 22, 31, 37, 44, 52, 58, 63] all used discrete
emotion models for their research. Though they used different num-
ber and kind of emotion classes, all of them has the same structure
- fixed number of class labels, classification into one of them using
machine learning. In addition, many of them have survey style data
collection interfaces.

2.2 Appraisal model
The appraisal model is developed by Smith and Lazarus [59], which
suggests that emotions arise from the dynamic interaction of ap-
praisal and coping processes that depend on the agent’s representa-
tion of its relationship with the environment. According to appraisal
theories, the individual environment relationship is evaluated using
a certain number of appraisal dimensions or variables, and connec-
tions between environmental changes, emotion changes, and cogni-



Table 1: Emotion models in affective computing papers

Paper Emotion model Continuous/discrete How to collect
LiKamWa [39] Circumplex model (dimensional) discrete choosing PA sliders in their apps 4 times a day
LiKamWa [40] Circumplex model (dimensional) discrete choosing PA sliders in their apps 4 times a day
Maxhuni [44] POMS (discrete) discrete EMA (survey)

Lee [37] six basic emotions (discrete) discrete survey
Haque [25] six basic emotions (discrete) discrete
Attabi [7] five basic emotions (discrete) discrete FAU AIBO Emotion Corpus
Yang [64] dimensional model discrete LJ40k, MER31k dataset

Chang [21] 3 emotional states*3 levels (discrete) discrete SUSAS, Belfast Naturalistic Database
Lee [36] Uni-dimensional continuous call-center data 1187 calls

Hernandez [23] Smile intensity (uni-dimensional) continuous JAFFE dataset
Schuller [58] 7 emotions + neutral (discrete) discrete EMO-CAR
Rachuri [52] 14 emotional states discrete Emotional Prosody Speech and Transcripts library

Kologyazhniy [31] 2 basic emotions + neutral (discrete) discrete sensors (facial and muscle activity)
Wu [63] 3 basic emotions + neutral (discrete) discrete

Figure 1: Appraisal model [1]: Appraisals which is caused by envi-
ronment raise emotional responses.

tive responses.

• Relevance How relevant is the event for me? Does it directly
affect me or my social reference group?

• Implications What are the implications or consequences of
this event and how do these affect my well-being and my
immediate or long-term goals?

• Coping potential How well can I cope with or adjust to these
consequences?

• Normative significance What is the significance of this event
with respect to my self-concept and to social norms and va-
lues?

Appraisal variables has "if-then" rules. As mentioned above, ap-
praisal model is dominant theory about human emotion in compu-
ter science, especially it is using to build symbolic AI systems. AI
agent for specific situation (like game or simulation) is a represen-
tative example [17, 18]. We will not cover this case here.

2.3 Dimensional model

Another most widely used emotion model is dimensional model,
which denotes emotional states as points in a continuous dimensio-
nal space. Mehrabian and Russell presented and used this model for
their research [45,55]. For simple classification, there are two kinds
of dimensional models, uni-dimensional and multi-dimensional. Uni-
dimensional model has just one dimension. PANAS (positive and
negative affect scales) [62] is a popular uni-dimensional model.
Multi-dimensional model has two or three dimensions. PAD space
model is developed by Mehrabian and Russell (1974), which has
three dimensions correspond to Pleasure (a measure of valence),
Arousal (indicating the level of affective activation) and Domi-
nance (a measure of power or control) [46]. Cowie concluded that
that this kinds of continuous space is known to be has better perfor-
mance in out-of-lab experiment than discrete models [19]. Though
the continuous model shows good performance, it still has plenty
of things left to research to improve the performance of affective
computing. For example, though PAD (pleasure - arousal - domi-
nance) or PA dimension is widely used and accepted by psycho-
logists, Kaernbach showed that the euclidian space with P-A axis
might not reflect the real world [28]. He analyzed data from Br-
adley & Lang’s experiment [32], and found that they scattered li-
ke V-shape and showed some holes in space, even some obviously
different type of emotion could be positioned very closely in PAD
space. He claimed that this show the space could be distorted and
non-euclidean space. And even six basic emotions could be mi-
xed in PA space, some of them could not be differentiable with
others. It is possible that PA space does not have enough power
to differentiate emotions from each other. To explain this, he in-
troduced "metamerism", a concept from colorimetry, in short, it
means if a point is not indistinguishable with another point, then
the two points have to be the same point, otherwise the dimensional
space has not enough discriminative power. PA space does not fol-
low metamerism. Lee [36] used uni-dimensional model which has
from non-negative(0) to negative(1) continuous values. LiKamWa,
and Yang [39, 64] used two-dimensional model with PA axis. In
this context, there is an interesting recent research, which propo-
sed a new dimensional model, "Lövheim Cube of emotion" [41].
It explains the relationship between the monoamine neurotransmit-
ters and the emotions. It looks like three dimensional model using
three neurotransmitters instead of P, A, D axis. Three monoamine
neurotransmitters are serotonin, norepinephrine, dopamine. These
monoamine neurotransmitters have close relationships with human
emotion. Serotonin is related to obsession and compulsion. Norepi-
nephrine is related to alertness and concentration. Dopamine is re-



Figure 2: Plots of International Affective Picture System [28,32] in
PA space: It is V-shaped.

Figure 3: KASPAR in PA space [28]: Except anger:red,
joy:cyan, and neutral:yellow, other emotions are not differentiated.
(sad:black, fear:blue, disgust:green, suprise:grey)

lated to motivation. Detailed description about these neurotransmit-
ters are below. This is very promising that these neurotransmitters
will be measurable [8]. This will be almost direct measurements of
human emotion.

2.4 Circuit model
Circuit model, which is also called anatomical model, is propo-
sed by a neuroscientist, Joseph E. Ledoux. He suggested that each
emotion is considered to processing in a different, discrete neural
circuits and emphasized processes or systems associated with the-
se circuits. Neuropsychologists believe that fundamental emotions
and their differentiation are determined by evolutionary neural cir-
cuits in a brain. They found several fundamental circuits (so-called
survival circuits) of primitive emotions like rage, fear, expectancy,
and panic. Ledoux even insisted that the differentiation of emotion
by language, could be unimportant. The important thing is that the-
re are real different circuits (path) to compute different emotions
in our brain [34]. It seems that this different processing circuits for
each emotions are like labels or classes of each emotions. Though
circuit model is less known than above models and still limited to
target only primitive emotions, it seems that circuit model has a gre-
at potential, because it is based on objective observations. When it
started, the research relies on signals of the microelectrode which
is pinned to mouse brain. For now, medical technology, especial-

Figure 4: Lövheim Cube of emotion [41]: a dimensional model
using monoamine neurotransmitters as its dimensions.

Figure 5: Effect of three monoamine neurotransmitters, serotonin-
norepinephrine-dopamine [5]



Figure 6: Survival circuit is belong to the low road, which is for
faster and instinctive response [11].

ly medical imaging field, is developed dramatically, so that we can
use fMRI to see functioning of the brain. Though it has a limitation
that only a few primitive emotions related circuits are examined,
we may apply circuit model just to primitive emotions apart from
higher-level emotions where recognition process and memory are
engaged. Otherwise, we may use this to study emotions of animal
using stimulation, physiological signals, and fMRI images.

2.5 Componential model
Componential models assumed that emotions are elicited by a co-
gnitive (but not necessarily conscious or controlled) evaluation of
situations and events and that the patterning of the reactions in the
different physiological responses, face expression, gestures, postu-
res, and feelings [56]. There are as many different emotional states
as there are different cognitive appraisals in the processing of body
reactions. Lazarus also argued that each emotion probably has its
own unique somatic response pattern [33]. This can be a basis for
or a bridge to physiological studies that emotion appraisals and ex-
plicit physiological reaction patterns. Many physiologists [9,31,42]
were interested in research about the emotional state and physiolo-
gical reactions. Up to now, this studies are performed only in limi-
ted experimental conditions. However, in near future, if wearable
devices with physiological sensors like pedometer, cardiometer, or
thermometer will be popular, we can expect to get numerous re-
liable dataset related to human emotion and their physiological re-
sponses. We can expect that this sensor data will be much more ob-
jective than traditional psychological experiment results, a survey
based on the memory of subjects. If we can get data from the wea-
rable devices, plotting them in a proper dimensional spaces (like
Lövheim Cube of emotion) and clustering them can be a good re-
search topic. As Christian Kaernbach [28] presented, current PAD
dimensional spaces of emotion does not have discriminative per-
formance of each emotional clusters. V-shape distribution in PAD
space could be more uniform in Lövheim Cube of emotion or in
a totally different dimensional space with measurable dimensional
variables, for example, eye movement - pulse - body temperature,
something like this. Or finding additional dimensions will be pos-
sible to make it have more discriminative power. To achieve this,
we will have to prepare lots of objectively measurable dataset of
emotions.

3. MACHINE LEARNING IN AFFECTIVE
COMPUTING

Machine learning, a branch of artificial intelligence, field of study
that gives computers the ability to learn without being explicitly
programmed (by Arthur Samuel in 1959), is widely used nowa-
days in the most fields of computer science, like bioinformatics,

natural language processing, speech recognition, computer vision,
and even in other academic fields like psychology, medicine , eco-
nomics , sociology. In affective computing, machine learning also
plays a key role. It has been used to analyze data from various sen-
sors, and draw the knowledge about human activity and emotion.
Machine learning can be divided into three types, supervised lear-
ning, unsupervised learning, and reinforcement learning.

Supervised learning is a machine learning category using labeled
training data. Training examples in the training data are pairs of an
input vector and desired outputs. A machine learning algorithm for
supervised learning tries to build a function to explain the given
training data. After learning stage is finished, the model is used to
predict a most-likely output from an input feature vector. Supervi-
sed learning is generally used for classification or regression pro-
blem. Classification is a task to generate a ’label’ for input objects
to divide them into several sets which have the same characteristics.
Spam filtering is a typical example. There is two cases, ’spam’ and
’non-spam’. The characteristics of spam mail and non-spam mail
is learned from a given training dataset. When a new mail has arri-
ved, it will be classified into spam or non-spam class using the mo-
del learned. Regression is a task to find a function which meets the
tendency of observable training examples, then unobserved state
or value can be predicted using that function. It is often used for
time variant variables, like stock price, network traffic, and che-
mical concentration. Though both of classification and regression
are supervised learning, they are different task. It depends on each
algorithms which can solve classification or regression problem, or
both of them. Decision tree, artificial neural network (ANN), Baye-
sian network (BN), naive bayes (NB), k-nearest neighbor (k-NN),
support vector machine (SVM), random forest (RF) are representa-
tive algorithm of supervised learning. We will also talk about deep
learning which comes up recently for big data analysis.

Unsupervised learning, on the other hand, is targeting to find hid-
den structure from unlabeled data. Because training data does not
have any desired outputs, it tries to find similarity and dissimila-
rity of set of data. The output of unsupervised learning is a set of
clusters of similar data points. Unsupervised learning is generally
used for clustering problem. It is widely used, like pattern recogniti-
on, bioinformatics, computer vision, and so on. K-means clustering
and Gaussian mixture model (GMM) are representative algorithm
of unsupervised learning.

The other category, reinforcement learning, which is originally in-
spired by psychology, has three parts in its system - environment,
agent, and action. An agent in given environmental condition can
take an action to react the environment. Based on the action, the
agent will get rewarded. Reinforcement learning is trying to find a
sequence of actions to get the greatest accumulated reward. Though
reinforcement learning is now widely used, for example, in game
theory of economics, it is naturally designed to train behavior of an
artificial agent to choose their action. It has been studied in affecti-
ve computing area for a long time, especially building an AI agent
for the appraisal theory research. However, we will not cover the
AI-agent-based appraisal model here.

3.1 Classification algorithm
In affective computing research except AI agent, they are trying to
predict emotional states by analyzing the data which is captured
from facial expression, gesture, posture, motion, activity, location
and physiological signals in laboratory or in the wild. This set of
researches tend to use supervised learning algorithm as its tool.
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Table 2 shows the list of classification algorithm of each papers.
Unfortunately, lots of researches have just tried machine learning
like a toolbox, in other words, just used several famous machine
learning algorithm without any further investigation. However, Ta-
rasov [61] did an interesting experiment. She benchmarked classifi-
cation algorithms and compared performances of them using emo-
tional database of natural speech. Following her research, SVM
was the best classification algorithm for database, but multi-layer
perceptron (MLP) and k-NN hold the first rank, as good as SVM.
Artificial neural network-radial basis function (RBF), NB, decision
tree (C4.5) had lower performance than them, holding the second
rank. In this section, we will briefly & selectively survey machine
learning algorithms in affective computing, especially, related to its
compatible applications.

3.1.1 Artificial Neural Network
Artificial neural network (ANN) is the machine learning algorithm
by mimicking the mechanism of neurons. ANN is one of the machi-
ne learning techniques which is most widely used. It is often used
in affective computing. There is several kinds of ANN, representa-
tively multi-layer perceptron (MLP), radial basis function (RBF).
Deep learning, which is also a type of ANN - we will review this
in the later subsection. Each specific type of ANN have different
functions to generate an output for each node, and different lear-
ning algorithm. ANN consist of many nodes in several layers. A
node in the input layer gets an element in an input vector. A node
in the output layer produces an output. A node between the input
layer and the output layer is called hidden node which passes si-
gnal from the input layer, to the output layer direction. A layer of
hidden nodes is called hidden layer. There are edges from nodes in
a layer to nodes in the next layer. ANN is used for various purpose
like classification, clustering, regression of a function, forecasting,
content addressed memory, and so on.

Kolodyazhniy [31] used ANN to classify human physiological da-
ta by emotion difference. He prepared 10min video clips to arou-
se fearful, and sad. He collected physiological signals, autonomic,
respiratory, and facial muscle activity from audiences when they
are watching the movie clips. He used physiological features. In
this paper, he compared various feature selection and learning al-
gorithm. He used two feature selection method, sequential forward
selection and sequential backward selection, then it is learned with
five machine learning models ANN (MLP, RBF), linear discrimi-
nant analysis (LDA), quadratic discriminant analysis (QDA), k-
NN. As a result, k-NN showed the best accuracy. Shuller [58] used
4 kinds of machine learning algorithm to classify six basic human
emotions (anger, disgust, fear, joy, sad, surprise), and neutral. He
applied it to the corpus from FERMUS III project [57], which con-
sists of 2,829 emotional utterance samples and scripts from 13 ac-
tors for one year. Using PCA and SVM based sequential forward
floating selection (SVM-SFFS), he derived 20 statistical acoustic
features from pitch, energy, and duration of the utterances, and ni-
ne linguistic features from selected 20 emotional words. SVM and
ensemble classifiers are shown the best result, but MLP was al-
so shown comparable accuracy. Kapur [29] used ANN to study
gesture-based affect classification. She also used multiple machi-
ne learning algorithms, which are logistic regression, Naive Bayes,
decision tree(C4.5), ANN, and support vector machine (SVM). She
captured human gesture using 14 body-attachable ball markers and
6 cameras 25times * 10 seconds for each four emotion states (sad-
ness, joy, anger, fear). From the motion capture data, she extracted
four kinds (velocity, acceleration, and standard deviation of veloci-
ty and acceleration) of features from the 14 markers. ANN classifier

showed over 90% accuracy almost equal to SVM. Bailenson [9]
performed regression using ANN to predict emotion intensity (in
continuous value). He gathered facial expression data from 22 track
points, and cardio activity and somatic activity data from 41 parti-
cipants, 19,625 instances. Nicolaou [48] used a kind of Recurrent
Neural Network to predict Valence-Arousal (VA, which is the sa-
me to PA) changes over time. He used Sensitive Artificial Listener
Database [13], which is audiovisual data (audio, face, shoulder). 20
facial feature points, neck+two shoulder points, and MFCC is used
for features.

Many examples show that ANN is quite good. Normally, accuracy
is not better than SVM, but comparable. However, ANN has advan-
tages that it is flexible. It can solve both of regression and classifica-
tion. ANN can deal with high-dimensional input vectors regardless
of discrete or continuous. ANN can also have outputs in discrete
or continuous. It is robust to noise. In addition, it is powerful to be
capable of non-linear classification, though its algorithm is simple.
And it also has an particular advantage to be able to multiple out-
puts in a model. There are two main disadvantages of ANN. The
one is that there is no guidelines to decide the number of nodes and
hidden layers. If it is too many, performance will degrade signifi-
cantly. If it is too small, accuracy of prediction will be low. Another
is that a classifier which is generated by ANN is not understandable
to human.

3.1.2 Support vector machine
Support vector machine (SVM) is one of the most popular machine
learning algorithm for classification nowadays. SVM is theoreti-
cally well motivated, and it has been empirically very successful
in various fields like bioinformatics, text analysis, computer visi-
on, and so on. SVM is proposed by Vlamir Vapnik in late 1970s.
It could not attract an attention at that time. In 1990s, SVM is pro-
bed to have outstanding performance in writing recognition, and it
is propagated to various fields. In typical machine learning algo-
rithm, objective function tries to minimize error, on the other hand,
SVM tries to maximize this ’margin’ as well as to minimize er-
ror. Margin is distance from a hyperplane, which divides two class
instances, to a closest instance. By maximizing margin, it can ha-
ve better classification performance for unseen instances. Though
SVM is basically linear classification method, it can also permit
non-linear classification using special kernels.

SVM is the most popular machine learning algorithm nowadays.
Total 9 papers over 25 used SVM solely or together with other al-
gorithm [7,9,21,29,38,48,49,63,64]. Lee [38] tried to infer meta-
linguistic information using smartphones’ microphone and blue-
tooth neighbor discovery function. He uses SVM to identify every
durations, which interactants are talking, or all of them are silent,
from speech data in real time. Once SVM is trained, it is very fast
to classify, so that it seems that a good choice to use SVM for the
system. However, SVM can classify just two classes at once. So, he
used multi-class SVM, which has n SVM to divide n+1 classes, turn
by turn. Attabi [7] and Chang [21] also used SVM for voice data.
Attabi with a kernel to infer 5 emotional states from voice data-
set, FAU AIBO Emotion Corpus [60]. Features are extracted using
very common Mel-Frequency Cepstral Coefficients (MFCC). He
tested SVM, SVM with RBF kernel, logistic regression, MLP and
RF. Among them, SVM and MLP showed the best result. Chang
applied SVM to SUSAS dataset [20], which has 298 audiovisual
clips from 125 speakers. As features, in addition to MFCC, he used
several physical properties like glottal vibrational cycle.



Figure 7: Support vector machine [2]: Instead of just finding a hy-
perplane to divide two classes, SVM focuses on maximizing ’mar-
gin’ of the hyperplane.

SVM has many advantages. It can avoid over-fitting, because it has
regularization parameter. SVM can permit non-linear classificati-
on when it uses a kernel, especially, when it uses a special types
of kernels, like Gaussian kernel, training SVM can be reduced to
convex optimization problem, so that it can be solved efficiently
without worrying about local minima. And once training is finis-
hed, classification speed is very fast. However, SVM also has many
disadvantages, it is hard to deal with discrete data. SVM is basically
supports only two classes. Except several special kernels, optimiza-
tion is very hard. Escpecially, because complexity of its algorithm
is high and is not memory-efficient, SVM is not suitable for big
data.

3.1.3 K-nearest neighbor
k-nearest neighbor(k-NN) is one of the simplest machine learning
algorithm. K-NN algorithm is very simple. K-NN just saves all the
training examples. When an instance comes, it calculates distance
from the new instance to training examples. Then it finds k closest
training examples to the new instance. The output is a majority vo-
ting or an average of the k closest training examples for classifica-
tion or regression, respectively. K, the number of training examples
which will participate to the majority voting, is the one and only
parameter of the algorithm.

Rigas [53] constructed bio-signal based fast emotion recognition
systems for three emotions (fear, disgust, happiness). He used ran-
dom forest (RF) and k-NN to analyze 118 instances of facial elec-
tromyograms (EMGs), electrocardiogram (ECG), respiration effort
and electrodermal activity (EDA) data from 9 subjects. K-NN sho-
wed better performance than RF. Lee [36] and Petetrantonakis [49]
also used k-NN to study emotion. Lee compared k-NN and linear
discriminant classifier (LDC) to classify valence of emotion from
1187 calling database. K-NN is significantly better than LDC in
their experiment. Petrantonakis compared several machine learning
algorithms like quadratic discriminant analysis (QDA), k-NN, Me-
halanobis Distance (MD), SVM. He transformed Electroencepha-
logram (EEG) information into frequency domain using Fast Fou-
rier Transform (FFT), and classified into 6 basic emotions (hap-
piness, surprise, anger, fear, disgust, sadness). Kolodyazhniy also
used k-NN and it showed the better performance than ANN, LDA,
QDA.

K-NN is simple to implement and easy to understand, but quite po-
werful to be able to be able to deal with non-linear classification. It
can be used for classification and regression. Typical disadvantages

Figure 8: K-nearest neighbor [3]: When k=3, a new instance(star)
belongs to class B, when k=6, then class A.

of k-NN are huge memory consumption to store all training examp-
les and slow classification speed to find k nearest neighbors for all
instances. In learning process, k-NN simply store all the training
instances. The thing that learning stage didn’t do nothing and all
things are done in classification stage. This characteristic is called
’lazy’ learning. Because of this lazy learning property, classifica-
tion process is slow. And in many real problems, choosing appro-
priate similarity (or distance) metric can be tricky. As we see above,
if you use PAD dimensional model, the emotional space might be
distorted.

3.1.4 Decision tree
Decision tree is one of the oldest machine learning technique. Ho-
wever, decision tree is still effective technique in many problems.
Representative algorithms are Classification And Regression Tree
(CART), ID3 and C4.5. CART performs greedy and recursive parti-
tioning. ’Greedy’ means that it chooses a feature which gives most
information gain (half:half division) at this stage. Decision tree is
easy to understand the result, even good to identify a few critical
features from the result. But decision tree is very slow to train,
and has risk of overfitting and limitation of representation powers,
which can’t represent XOR. Though many affective computing re-
search has still used decision tree [16, 29, 58], random forest (RF)
could be better choice. RF, which is developed by improving decisi-
on tree, has overwhelming accuracy and performance than decision
tree. We will cover RF in the following subsection.

3.1.5 Random forest
Random forest (RF) is very popular and widely used algorithm,
which is comparable to SVM. RF is an improved variance of the
decision tree, which comes from statistics. RF is consisted of ma-
ny small decision trees. Output is decided by the majority voting
of these trees. In learning stage, RF divides training sets into many
small subsets, and then train a decision tree for each subset. Becau-
se RF is consisted of many decision trees, RF can be considered as
an ensemble classifier. Generally, ensemble classifier usually has
much higher accuracy and robustness than its element classifiers,
and it needs much more memory and computing power. But trai-
ning RF is much faster than decision tree in both cases of training
and predicting, because RF divides an original problems into sub-
problems. It can be even faster, if it solved using parallel proces-
sing. RF has highest accuracy - comparable to SVM - among state
of the art machine learning algorithm. RF can deal with huge data-
set and thousands of features. RF is robust to outliers, so that it can



Figure 9: Random forest [4]: It is a set of decision tree of the sub-
sets. The output is decided by majority voting of those trees.

deal with missing values well, or even can be used to detect unsu-
pervised clustering problem or outlier detection. RF has unbiased
property, so that it does not need cross validation.

Though RF is fast, accurate, and robust, it was rarely used in affec-
tive computing research. Rigas [53] used RF, but it did not show im-
pressive performance. We will be able to study why RF is not often
used for affective computing. RF will be able to help us to improve
performance of many affective computing research. Otherwise, it is
possible that RF is not suitable for emotional dataset. RF is said to
have tendency to overfit for some datasets with noisy classification
or regression tasks.

3.1.6 Naive Bayes
Naive Bayes (NB) classifier is a classifier based on Bayes theorem.
Naive Bayes is also widely used, because it is very simple and fast,
and has pretty good accuracy. It is very effective in storage, and
versatile to deal with real or discrete either. Especially, it is used in
case that very fast processing speed is needed, like computer vision
data processing. Applications of NB are text classification, spam
filtering, system performance management, and medical diagnosis.
In affective computing, Kapur [29] used NB as well as other machi-
ne learning algorithms like logistic regression, decision tree(C4.5),
ANN, and SVM. Hoque [25] also compared Naive Bayes to other
various classifiers like Random Forest(RF), Bagging, MLP, RBF
to classify emotions into positive and negative using acoustic and
prosodic feature like pitch, duration, intensity, formant, rhythm. NB
was one of the simplest algorithm, but it showed performance clo-
se to average. Schuller [58] also used NB with other classifiers like
ANN, decision tree, SVM, and so on, but NB showed the lowest
accuracy among them. Though NB has clear advantages that it is
very fast, the limit of its performance seems also quite clear.

3.1.7 Deep learning
Deep learning is a kind of ANN with deep architecture. Deep ar-
chitecture means an algorithm has many hidden layers. Traditio-
nal neural network with many hidden layers had limitations like
that [47],

1. Lacks the ability to train the unlabeled data while in practice
most data is unlabeled.

2. The correcting signal will be weakened when it passes back
via multiple layers.

3. Learning is too slow across multiple hidden layers.

Figure 10: The deep learning scheme [6]: a greedy unsupervised
layerwise pretraining stage followed by a supervised finetuning sta-
ge affecting all layers.

4. It can get stuck in poor local optima.

So, hidden layers could not exceed one or two. During neural net-
works couldn’t improve its performance, shallow architecture lear-
ning algorithm (SLP, SVM) has been popular. Up to now, SVM
is the popular machine learning algorithm. But SVM has naturally
lack of learning features due do its shallow architecture itself. Ben-
gio and Lecun [10] have proved that shallow architectures can be
very inefficient in terms of required number of computational ele-
ments and examples, and kernel machines have limitations with a
local kernel. To solve this, they proposed deep learning. Deep ar-
chitectures help deep learning by trading a more complicated space
for better performance, in some cases, even for less computation
time [47]. With experimental results, deep learning algorithm li-
ke deep belief network was more accurate and faster than SVM.
Like ANN, deep learning has several specific models, the repre-
sentative algorithm is deep belief network (DBN) [24]. As a node
of DBN, restricted Boltzmann machines(RBM) [6] are used. RBM
is a kind of energy function. DBN has two training steps, unsu-
pervised layer-wise pre-training step and supervised fine-tuning. In
pre-training steps, from bottom to top layer, each layers are trai-
ned. The pre-training is a greedy layer-by-layer learning procedure
to get optimum weight vector in RBM. In fine-tuning steps, back-
propagation is used.

Though deep learning is rising up, especially related to big data, we
have to be careful to apply it. Though deep learning works well -
it outperforms the SVM with Gaussian kernel for many problems,
it does not mean that it work well for all kinds of problems. Deep
learning does not work for some specific problems like natural lan-
guage processing(NLP). It will be needed to validate deep learning
for affective computing.

3.2 Clustering algorithm
Representative algorithm of unsupervised learning are K-means and
Gaussian mixture model. K-means is an algorithm to find mean
value of each clusters in dataset. It can be calculated using EM-
algorithm. To resolve the issue that k-Means only has the mean va-
lues of each clusters, Gaussian mixture model is developed, which
can get standard deviation values as well as mean values.

In affective computing, few authors tried to apply unsupervised
learning to their research. Lee [38] uses GMM and k-means to
identify speakers. Wu [63] also used GMM He clusters users’ time
sequence into activity segments, which has consistent context. La-



ter, users can review their activity segments and label them. Using
these users’ labeling, the system can label activity segments auto-
matically in the future. This can make users easy to remind their
past activities, and the system improve its performance gradually.
This is very interesting approach. For now, labeling of emotional
data is very hard except for surveying. Only facial expression may
be close to the feedback from users. But getting feedbacks from a
user is expensive operations itself, as well as it is hard to believe its
accuracy. In this context, clustering signals (from smartphone sen-
sors to pictures or even physiological signals) and finding groups
will be foundation to get an exact emotional states later.

4. CHALLENGES
We have reviewed emotion modeling methods and machine lear-
ning techniques in affective computing, and several existing rese-
arches in section 2 and section 3. Though, as an interdisciplina-
ry study, affective computing will have various points to improve,
three issues have to be considered from the perspective of computer
science.

• Emotion modeling is a key to understand human emotion.
However, existing emotion models mostly come from Psy-
chology. Though Psychology has studied human emotion for
a long time and draw enormous knowledge about it, it is ori-
ginally designed for surveying. It has to be existing improve
emotion models or developing new emotion models to get
proper models for scientific measurement. In addition, as we
can see in Kaernbach’s research, PAD space model did not
meet metamerism. It means that existing emotional models
may not be enough to distinguish emotional states well. We
have to consider how can we validate each emotion models
using data, or how can we translate an existing emotional
space into another space, based on above experimental result.
For an example, we will be able to measure monoamine neu-
rotransmitters with various stimulus. ploting this data into
new emotional space, for example Serotonin - Norepinephri-
ne - Dopamine, will show us new kinds of clusters to give us
new insight. For another example, we can get data from the
wearable devices, plotting them into a totally new dimensio-
nal spaces, like mobility-location-tone of voice-temperature-
pulse, to find clusters them to draw new knowledge. This
data-driven validation can be a major contribution of com-
puter science to affective computing research.

• In case of machine learning method, it will be needed to find
a suitable method for each area, and also be needed to try
recent machine learning techniques for it. For example, ran-
dom forest is not widely used in affective computing rese-
arch yet. Rigas [53] used RF, but it did not show impressive
result. Normally, random forest shows outstanding accuracy,
which is comparable to support vector machine. We may ap-
ply random forest to other databases to see it is working. On
the other hand, recent developed machine learning algorithm
has to be applied. Deep learning is getting popular nowadays.
We may apply deep learning to affective computing. Becau-
se deep learning is fast to deal with huge database, and it can
use unlabeled datasets and labeled datasets together, it will
be suitable for emotion dataset.

• Finally, the interdisciplinary research has to be promoted.
Affective computing is, like cognitive science and social com-
puting, an interdisplinary research area. Affective computing

is done by many computer scientist, psychologists, and phy-
siologists. However, it seems that it is rare that those scholars
worked together. Conferences and Journals are also separa-
ted except "Psychophysiology". If we have interdisciplinary
conference for affective computing, it will be able to pro-
mote many scholars in different fields work together and de-
al with affective computing from various point of view in
a conference. Physiologists and electrical engineers will be
able to design sensors for wearable devices, and computer
sciencetists and psychologists will be able to analyze the da-
ta to draw new knowledge and validate emotional models for
better understanding of human emotion.

5. CONCLUSION
We have reviewed representative emotion modeling and machine
learning method of affective computing. Various emotion models
from psychology is used for affective computing. But many of them
are designed for psychological research, so that we may need to
validate that it is suitable for scientific experiments, and even it
is needed to find a new model for it. Collecting data, and conver-
ting existing data into these scientific emotional space will be the
most urgent and significant issue. In case of machine learning, we
found that many researchers uses popular classification algorithm
like ANN, k-NN, SVM, Decision tree, NB, RF, and so on. Apply-
ing brand new classification algorithm, like deep learning, or even
applying clustering algorithm will give us new insight. Nowadays,
smartphones are used more than 1.75 billion users worldwide. Even
wearable devices are actively developing. Affective computing, one
of data-driven research about human, is getting more and more im-
portant. In computer science, it can be applied to build better AI,
which understands owner’s or customer’s emotion and mood. Af-
fective gaming is a good example. On the other hand, it will take
an effect to humanities and sociology. For example, affective com-
puting and big data will be able to use webpages, smartphones or
wearable devices everywhere to measure happiness of the society.
This will provide a new change to human being to focus on ’hap-
pier’ life than ’richer’ life in the future.
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