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D�g��al au��o �s easy �o recor�, play, pro�
cess, an� �anage. I�s ub�qu��y �eans ��a� 
�ev�ces for �an�l�ng �� are c�eap, le���ng 

�ore people recor� an� play �us�c an� speec�. In 
a�����on, ��e In�erne� �as ��prove� access �o re�
cor�e� au��o. So, ��e a�oun� of recor�e� �us�c 
��a� people own �as rap��ly �ncrease�.

Mos� curren� au��o players co�press au��o fi les 
an� s�ore ��e� �n �n�ernal �e�ory. Because s�or�
age cos�s �ave cons�s�en�ly �ecl�ne�, ��e a�oun� 
of �us�c ��a� can be s�ore� �as rap��ly �ncrease�. 
A player w��� 16 Gby�es of �e�ory can �ol� ap�
prox��a�ely 3,2�� songs �f eac� song �s s�ore� �n 
co�presse� for�a� an� occup�es 5 Mby�es. Effec�
��vely organ�z�ng suc� large volu�es of �us�c �s 
��ffi cul�. People of�en l�s�en repea�e�ly �o a s�all 
nu�ber of favor��e songs, w��le o��ers re�a�n un�
jus��fi ably neglec�e�.

We’ve �evelope� Affec��con, an effi c�en� sys�e� 
for �anag�ng �us�c collec��ons (see F�gure 1). Af�
fec��con groups p�eces of �us�c ��a� convey s���lar 
e�o��ons an� labels eac� group w��� a correspon��
�ng �con. T�ese �cons le� l�s�eners eas�ly selec� �u�
s�c accor��ng �o ��s e�o��onal con�en�. Exper��en�s 
�ave �e�ons�ra�e� Affec��con’s effec��veness.

Music Emotion Recognition
We represen� ��e e�o��on �n �us�c, an� subse�
quen�ly cons�ruc� our �cons, on ��e bas�s of Rober� 

T�ayer’s 2D arousal an� valence (AV) plane (for 
�ore on ���s, see ��e s��ebar). We fi rs� evalua�e� 
�us�c sa�ples’ e�o��on values ��roug� l�s�en�ng 
�es�s. T�en, we �o�ele� ��e rela��ons��p be�ween 
��ese values an� ��e sa�ples’ au��o fea�ures. T��s 
�o�el le�s us �e�er��ne ��e e�o��onal con�en� of 
an arb��rary p�ece of recor�e� �us�c.

Listening Tests
We use� �us�c sa�ples fro� Wes�ern (US) an� 
Eas�ern (Korean an� Japanese) popular songs. We 
c�ose ��e� accor��ng �o �wo cr��er�a:

■ T�e se� of sa�ples s�oul� be ��s�r�bu�e� un��
for�ly across ��e AV plane.

■ Eac� sa�ple s�oul� express a cer�a�n �o��nan� 
e�o��on.

To �ee� ��e fi rs� cr��er�on, we ��v��e� ��e AV plane 
�n�o n�ne reg�ons an� asse�ble� 16 sa�ples for 
eac� reg�on, us�ng our subjec��ve ju�g�en�.

We ��en con�uc�e� ��e �es�s us�ng a �o��fi e� 
vers�on of ��e Self�Assess�en� Man�k�n, a ra��ng 
sys�e� ��a� uses grap��c fi gures �o �n��ca�e e�o�
��onal reac��ons.1 In���ally, we aske� 14 par��c�pan�s 
�o l�s�en �o n�ne songs, one fro� eac� reg�on, �o 
g�ve ��e� so�e ��ea of ��e �es�s’ scope. T�en, ��e 
par��c�pan�s l�s�ene� �o ��e re�a�n�ng 135 songs, 
scor�ng ��e� on a scale of � �o 1 for arousal an� 
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Figure 1. The Affecticon system. Affecticon groups pieces of music that convey similar emotions and labels each group with a 
corresponding icon. These icons let listeners select music according to its emotional content.
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valence. For arousal, �����������������������������0 ���������������������������indicated the�������������� calmest �����reac�
tion and 1 indicated the most exciting reaction. 
For valence, 0 indicated the most negative reaction 
and 1 indicated the most positive reaction.

To allow for the variability of emotional re�
sponses, we repeated nine songs so that the partic�
ipants scored them twice. We used this variability 
as a threshold. We ignored samples with a higher 
variability than this, to favor songs with a con�
sistent emotional interpretation. This reduced the 
number of songs to 86.

Feature Extraction
For each song, we extracted 55 features from the 
audio signal that correspond to emotion. To do 
this, we used Psysound (http://psysound.wikidot.
com), software for analyzing audio features such 
as the fast Fourier transform spectrum, cepstrum, 
loudness, and pitch. Then, we computed the cor�
relation between the participants’ AV values and 
the 55 features. We excluded features with a cor�

relation below the threshold, reducing the number 
of them to 27.

Mapping Music into the AV Plane
We created a linear model F to relate the AV val�
ues obtained from the listening tests to the audio 
features. We set

S = MF,

where S is an 86 × 2 matrix of the music sam�
ples’ AV values, and M is an 86 × 27 matrix of the 
extracted features. We can evaluate F(27 × 2) by 
pseudoinversion:

F =M+S.

Having found F, we can use it to analyze any 
piece of music’s emotional content. That is, we can 
analyze a song by determining the 27 feature mea�
surements using Psysound and multiplying by F to 
calculate AV values.

Analysis
We ran two experiments to evaluate this model’s 
precision. First, we used a leave-one-out method, 
constructing a new model F ′ from a set of samples 
from which we had excluded one song. Then we 
obtained AV values for the excluded song from 
the model. We repeated this procedure for all the 
samples and compared the results with those from 
the listening test. The average difference between 
arousal values was 0.063 and between valence val�
ues was 0.034.

The second experiment compared the partici�
pants’ ratings with AV values estimated using F 
across the whole set of songs. The average error 
was 0.064 for arousal and 0.119 for valence. These 
results suggest that the model is self-consistent.

Icon Generation
To generate the icons, we simulate a harmono�
graph, a mechanical apparatus that employs pen�
dulums to create a range of symmetrical curves. 
The calculated AV values determine the curves’ 
shape and color. We tested the curves’ effective�
ness in a series of user trials.

Harmonograph Curves
We can produce a range of similar but simplified 
curves using these equations:

x(t) = A1 sin(tf1 + π/2) + A2 sin(tf2 + π/2),

y(t) = A1 sin(tf1) + A2 sin(tf2).

Many researchers have tried to automatically extract music’s 
emotional content, employing a range of feature extraction 

and regression methods.1–3 Most methods have adopted Robert 
Thayer’s 2D emotion model,4 which represents emotion along two 
axes: arousal (from calm to energetic) and valence (from happy 
to anxious). Because of this model’s simplicity, researchers have 
used it extensively in areas such as music information retrieval and 
computer graphics.5,6 Because no common or standard method­
ology exists yet for dealing with the emotion that music evokes, 
we designed and tested our own emotion recognition model, also 
based on Thayer’s model (see the main article).
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The values of the amplitudes A1 and A2 and the fre�
quencies f1 and f2 control the results. This process 
produces symmetrical closed curves consisting of 
many ellipses, with almost circular convex hulls.

Mapping Arousal
If we adjust the ratio between f1 and f2, the num�
ber of ellipses in a curve changes (see Figure 2). 
Researchers have correlated high arousal with high 
pitch, loud volume, rapid movement, fast tempo, 
and fast speech.2 So, we used the number of el�
lipses to indicate arousal.

Mapping Valence
The ratio between A1 and A2 changes the ellipse’s 
shape and hence its area and the sharpness of its 
ends (see Figure 3).

Geoffery Collier’s research on emotion-shape 
associations suggests that triangles evoke anger, 
pentagons and squares evoke embarrassment, cir�
cles evoke cheerfulness, and ellipses are soothing.3 
Jocelyn Scheirer and Rosalind Picard suggested 
that circles evoke high-valence emotions, whereas 
diagonal lines produce low-valence emotions.2 
They also posited that people view “smooth” as 
more positive than “rough.”

We deduce that sharpness affects valence: thin�
ner or sharper ellipses should make someone feel 
more negative. So, we used different degrees of 
roundness to indicate valence.

An Arousal Experiment
We showed 12 participants 10 pairs of images; 
each image in a pair had a different arousal value 

Figure 2. Images generated by successively reducing the ratio between frequencies f1 and f2 in the 
harmonograph equations. We used the number of ellipses to indicate arousal.

Figure 3. Images generated by successively reducing the ratio between amplitudes A1 and A2 in the 
harmonograph equations. We used the different degrees of roundness to indicate valence.
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but the same valence value. We randomly placed 
the image with the intended higher arousal on 
the left or right. We then asked the participants 
whether they felt a difference in arousal or valence 
between the left and right images in each pair and, 
if so, how great it was. The ratings ranged from 1 
(the right image had the highest arousal or valence 
value) to –1 (the left image had the highest arousal 
or valence value).

Figure 4 shows the results; in it, the higher-
arousal images are on the right to provide a clearer 
comparison. Most participants found many more 
differences in arousal than in valence. Also, the 
difference in arousal ratings across the participants 
was much lower than the difference in valence rat�
ings. These results validate our theory on how the 
icon shape can indicate the degree of arousal.

A Valence Experiment
The participants also rated differences in arousal 
or valence after seeing 10 image pairs with dif�
ferent valence values but the same arousal values.

Figure 5 shows the results. Although the differ�
ences in arousal aren’t as large as the differences 
in valence, they’re considerable. This suggests that 
arousal and valence might be not fully indepen�
dent, even though they form two axes in the 2D 
emotion plane we’re using. The participants’ va�
lence ratings varied significantly, suggesting that 
precisely evaluating valence is more difficult than 
evaluating arousal.

Emotion and Color
Color is known to affect emotion, and a large body 
of literature exists about the psychology of color. 
So, we color our icons to reinforce their intended 
significance.

According to Patricia Valdez and Albert Meh�
rabian, saturation is more related to arousal, 
whereas brightness has more influence on va�
lence.4 Emotional reactions to hue (pure color) 
are more controversial. Nevertheless, many re�
searchers have represented emotion by hue (for 
instance, red can connote energy, danger, anger, 
passion, desire, or love), suggesting an established 
interpretation of hue. This might be because cul�
ture and education largely determine the emo�
tions associated with hue.

Therefore, we generated icons with our subjec�
tive choice of hues (h = 270 degrees) but with sat�
uration and brightness corresponding to arousal 
and valence.

Testing Affecticon
Figure 6 shows Affecticon’s interface. It resembles 
a standard file explorer system, with our affective 
music icon replacing the generic icon used for a 
music file. To create each icon, Affecticon deter�
mines AV values for the music. From these values, 
it generates a colored harmonograph curve. Users 
can sort the icons by arousal or valence. They can 
create a set of files by dragging them from the file-
viewing window to a playlist.
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Figure 4. Results for four pairs of images from the arousal experiment. Most participants found many more 
differences in arousal than in valence. A rating of 1 indicated the participant thought the image on the right had 
the highest arousal or valence value; –1 indicated the participant thought the left image had the highest value.
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The Affective versus the Regular Icon
Our experiment involved 35 participants (ages 
21 to 35) who were familiar with the standard 
file explorer system and had no extreme musical 
preferences. We prepared two music collections 
containing well-known songs with which most 
participants would be familiar. We asked them 
to generate two playlists from each collection, 
using the generic icons to generate one playlist 
and the affective icons to generate the other. We 
told them each playlist should contain 10 songs 
they wanted to listen to while driving to a picnic 
with their girlfriend or boyfriend. We told them 
there was a way to sort the affective icons but 
didn’t explain how.

As Figure 7 shows, the participants generally 
spent less time generating the playlist with the 
affective icons. However, some participants took 
longer because they needed time to understand the 
sorting function and adapt to it.

After a few days, we conducted a similar experi�
ment with the same participants, using other mu�
sic collections. Figure 7 also shows these results. 
The participants chose playlists more quickly, pre�
sumably because they were more familiar with the 
interface.

We also compared the AV values of the songs se�
lected with the generic icons with the values of the 
songs selected with the affective icons (see Figure 
8). As we expected, all the selected songs had high 

arousal values, indicating that the participants 
preferred exciting songs. The AV values for each 
type of icon seem quite similar.

Familiar versus Unfamiliar Music
It’s reasonable to assume that our interface will 

0.5

1

0

–0.5

–1

Ra
tin

g

Test 1 Test 2 Test 3 Test 4

Arousal (observed) Valence (observed)Arousal (expected) Valence (expected)

Figure 5. Results for four image pairs from the valence experiment. The participants’ valence ratings varied 
significantly, suggesting that precisely evaluating valence is more difficult than evaluating arousal. A rating 
of 1 indicated the participant thought the image on the right had the highest arousal or valence value; –1 
indicated the participant thought the left image had the highest value.

(a)
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Figure 6. Affecticon’s prototype interface. (a) The folder-viewing window. 
(b) The playlist window. (c) The file-viewing window. To create each icon, 
Affecticon determines arousal and valence values for the related music. 
From these values, it generates a colored harmonograph curve.
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be more useful in selecting music from collections 
of unfamiliar songs because participants already 
know the emotional associations of familiar songs.

To test this hypothesis, we created two more 
music collections, one with well-known songs and 
the other with more obscure songs (for example, 
ones by indie bands). We conducted tests simi�
lar to those we just described. Figure 9 shows the 
results. As we expected, the ratio of the time to 
select songs using the generic icons to the time 
for the affective icons increased for the unfamiliar 
songs. That is, the affective icons let the partici�
pants more quickly select those songs.

Figure 10 compares the AV values for the two 
types of icons. Compared with the first two ex�
periments (see Figure 8), the distribution is less bi�
ased toward high arousal. We think this is because 
participants had more trouble choosing a playlist 
from unfamiliar songs, so they selected middle-of-
the-road songs without listening to all the songs. 
For the affective icons, the arousal values were 
higher. After the experiments, the participants 
said that the affective icons helped them produce 

a better playlist. So, we deduce that affective icons 
can speed up selection of unfamiliar songs.

We plan to extend Affecticon by designing 
and analyzing a more comprehensive set 

of music features. Because feature extraction is 
the system’s most expensive part, it needs to be 
more effective to be valuable for commercial use. 
We also hope other elaborated methods such as 
nonlinear modeling can improve Affecticon’s ac�
curacy. In addition, we’re considering other icon 
shapes that can represent emotional content in�
tuitively. Finally, we’re exploring using various hue 
values for icons because hue values are also impor�
tant for representing emotional content.�
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Figure 7. Relative times for generating a playlist using the regular and 
affective icons. Playlist generation was generally quicker with the 
affective icons.
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Figure 8. Arousal and valence values of songs selected using the (a) regular and (b) affective music icons. The 
values for each type of icon seem quite similar.
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Figure 9. Relative times for generating playlists with the generic and 
affective icons (normalized to the generic icons). The affective icons let 
the participants more quickly select unfamiliar songs.
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Figure 10. Arousal and valence values of songs selected from an unfamiliar music collection, using the  
(a) generic and (b) affective icons. The participants reported that the affective icons helped them produce  
a better playlist.
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