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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, � �n��ca�e� ��e cal�es� reac�� �n��ca�e� ��e cal�es� reac��n��ca�e� ��e cal�es� reac� cal�es� reac�reac�
��on an� 1 �n��ca�e� ��e �os� exc���ng reac��on. 
For valence, � �n��ca�e� ��e �os� nega��ve reac��on 
an� 1 �n��ca�e� ��e �os� pos���ve reac��on.

To allow for ��e var�ab�l��y of e�o��onal re�
sponses, we repea�e� n�ne songs so ��a� ��e par��c�
�pan�s score� ��e� �w�ce. We use� ���s var�ab�l��y 
as a ��res�ol�. We �gnore� sa�ples w��� a ��g�er 
var�ab�l��y ��an ���s, �o favor songs w��� a con�
s�s�en� e�o��onal �n�erpre�a��on. T��s re�uce� ��e 
nu�ber of songs �o 86.

Feature Extraction
For eac� song, we ex�rac�e� 55 fea�ures fro� ��e 
au��o s�gnal ��a� correspon� �o e�o��on. To �o 
���s, we use� Psysoun� (���p://psysoun�.w�k��o�.
co�), sof�ware for analyz�ng au��o fea�ures suc� 
as ��e fas� Four�er �ransfor� spec�ru�, ceps�ru�, 
lou�ness, an� p��c�. T�en, we co�pu�e� ��e cor�
rela��on be�ween ��e par��c�pan�s’ AV values an� 
��e 55 fea�ures. We exclu�e� fea�ures w��� a cor�

rela��on below ��e ��res�ol�, re�uc�ng ��e nu�ber 
of ��e� �o 27.

Mapping Music into the AV Plane
We crea�e� a l�near �o�el F �o rela�e ��e AV val�
ues ob�a�ne� fro� ��e l�s�en�ng �es�s �o ��e au��o 
fea�ures. We se�

S = MF,

w�ere S �s an 86 × 2 �a�r�x of ��e �us�c sa��
ples’ AV values, an� M �s an 86 × 27 �a�r�x of ��e 
ex�rac�e� fea�ures. We can evalua�e F(27 × 2) by 
pseu�o�nvers�on:

F =M+S.

Hav�ng foun� F, we can use �� �o analyze any 
p�ece of �us�c’s e�o��onal con�en�. T�a� �s, we can 
analyze a song by �e�er��n�ng ��e 27 fea�ure �ea�
sure�en�s us�ng Psysoun� an� �ul��ply�ng by F �o 
calcula�e AV values.

Analysis
We ran �wo exper��en�s �o evalua�e ���s �o�el’s 
prec�s�on. F�rs�, we use� a leave-one-out �e��o�, 
cons�ruc��ng a new �o�el F ′ fro� a se� of sa�ples 
fro� w��c� we �a� exclu�e� one song. T�en we 
ob�a�ne� AV values for ��e exclu�e� song fro� 
��e �o�el. We repea�e� ���s proce�ure for all ��e 
sa�ples an� co�pare� ��e resul�s w��� ��ose fro� 
��e l�s�en�ng �es�. T�e average ��fference be�ween 
arousal values was �.�63 an� be�ween valence val�
ues was �.�34.

T�e secon� exper��en� co�pare� ��e par��c��
pan�s’ ra��ngs w��� AV values es���a�e� us�ng F 
across ��e w�ole se� of songs. T�e average error 
was �.�64 for arousal an� �.119 for valence. T�ese 
resul�s sugges� ��a� ��e �o�el �s self�cons�s�en�.

Icon Generation
To genera�e ��e �cons, we s��ula�e a �ar�ono�
grap�, a �ec�an�cal appara�us ��a� e�ploys pen�
�ulu�s �o crea�e a range of sy��e�r�cal curves. 
T�e calcula�e� AV values �e�er��ne ��e curves’ 
s�ape an� color. We �es�e� ��e curves’ effec��ve�
ness �n a ser�es of user �r�als.

Harmonograph Curves
We can pro�uce a range of s���lar bu� s��pl�fie� 
curves us�ng ��ese equa��ons:

x(t) = A1 s�n(tf1 + π/2) + A2 s�n(tf2 + π/2),

y(t) = A1 s�n(tf1) + A2 s�n(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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T�e values of ��e a�pl��u�es A1 an� A2 an� ��e fre�
quenc�es f1 an� f2 con�rol ��e resul�s. T��s process 
pro�uces sy��e�r�cal close� curves cons�s��ng of 
�any ell�pses, w��� al�os� c�rcular convex �ulls.

Mapping Arousal
If we a�jus� ��e ra��o be�ween f1 an� f2, ��e nu��
ber of ell�pses �n a curve c�anges (see F�gure 2). 
Researc�ers �ave correla�e� ��g� arousal w��� ��g� 
p��c�, lou� volu�e, rap�� �ove�en�, fas� �e�po, 
an� fas� speec�.2 So, we use� ��e nu�ber of el�
l�pses �o �n��ca�e arousal.

Mapping Valence
T�e ra��o be�ween A1 an� A2 c�anges ��e ell�pse’s 
s�ape an� �ence ��s area an� ��e s�arpness of ��s 
en�s (see F�gure 3).

Geoffery Coll�er’s researc� on e�o��on�s�ape 
assoc�a��ons sugges�s ��a� �r�angles evoke anger, 
pen�agons an� squares evoke e�barrass�en�, c�r�
cles evoke c�eerfulness, an� ell�pses are soo���ng.3 
Jocelyn Sc�e�rer an� Rosal�n� P�car� sugges�e� 
��a� c�rcles evoke ��g��valence e�o��ons, w�ereas 
��agonal l�nes pro�uce low�valence e�o��ons.2 
T�ey also pos��e� ��a� people v�ew “s�oo��” as 
�ore pos���ve ��an “roug�.”

We �e�uce ��a� s�arpness affec�s valence: ���n�
ner or s�arper ell�pses s�oul� �ake so�eone feel 
�ore nega��ve. So, we use� ��fferen� �egrees of 
roun�ness �o �n��ca�e valence.

An Arousal Experiment
We s�owe� 12 par��c�pan�s 1� pa�rs of ��ages; 
eac� ��age �n a pa�r �a� a ��fferen� 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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bu� ��e sa�e valence value. We ran�o�ly place� 
��e ��age w��� ��e �n�en�e� ��g�er arousal on 
��e lef� or r�g��. We ��en aske� ��e par��c�pan�s 
w�e��er ��ey fel� a ��fference �n arousal or valence 
be�ween ��e lef� an� r�g�� ��ages �n eac� pa�r an�, 
�f so, �ow grea� �� was. T�e ra��ngs range� fro� 1 
(��e r�g�� ��age �a� ��e ��g�es� arousal or valence 
value) �o –1 (��e lef� ��age �a� ��e ��g�es� arousal 
or valence value).

F�gure 4 s�ows ��e resul�s; �n ��, ��e ��g�er�
arousal ��ages are on ��e r�g�� �o prov��e a clearer 
co�par�son. Mos� par��c�pan�s foun� �any �ore 
��fferences �n arousal ��an �n valence. Also, ��e 
��fference �n arousal ra��ngs across ��e par��c�pan�s 
was �uc� lower ��an ��e ��fference �n valence ra��
�ngs. T�ese resul�s val��a�e our ��eory on �ow ��e 
�con s�ape can �n��ca�e ��e �egree of arousal.

A Valence Experiment
T�e par��c�pan�s also ra�e� ��fferences �n arousal 
or valence af�er see�ng 1� ��age pa�rs w��� ��f�
feren� valence values bu� ��e sa�e arousal values.

F�gure 5 s�ows ��e resul�s. Al��oug� ��e ��ffer�
ences �n arousal aren’� as large as ��e ��fferences 
�n valence, ��ey’re cons��erable. T��s sugges�s ��a� 
arousal an� valence ��g�� be no� fully �n�epen�
�en�, even ��oug� ��ey for� �wo axes �n ��e 2D 
e�o��on plane we’re us�ng. T�e par��c�pan�s’ va�
lence ra��ngs var�e� s�gn�fican�ly, sugges��ng ��a� 
prec�sely evalua��ng valence �s �ore ��fficul� ��an 
evalua��ng arousal.

Emotion and Color
Color �s known �o affec� e�o��on, an� a large bo�y 
of l��era�ure ex�s�s abou� ��e psyc�ology of color. 
So, we color our �cons �o re�nforce ��e�r �n�en�e� 
s�gn�ficance.

Accor��ng �o Pa�r�c�a Val�ez an� Alber� Me��
rab�an, sa�ura��on �s �ore rela�e� �o arousal, 
w�ereas br�g��ness �as �ore �nfluence on va�
lence.4 E�o��onal reac��ons �o �ue (pure color) 
are �ore con�rovers�al. Never��eless, �any re�
searc�ers �ave represen�e� e�o��on by �ue (for 
�ns�ance, re� can conno�e energy, �anger, anger, 
pass�on, �es�re, or love), sugges��ng an es�abl�s�e� 
�n�erpre�a��on of �ue. T��s ��g�� be because cul�
�ure an� e�uca��on largely �e�er��ne ��e e�o�
��ons assoc�a�e� w��� �ue.

T�erefore, we genera�e� �cons w��� our subjec�
��ve c�o�ce of �ues (h = 27� �egrees) bu� w��� sa��
ura��on an� br�g��ness correspon��ng �o arousal 
an� valence.

Testing Affecticon
F�gure 6 s�ows Affec��con’s �n�erface. I� rese�bles 
a s�an�ar� file explorer sys�e�, w��� our affec��ve 
�us�c �con replac�ng ��e gener�c �con use� for a 
�us�c file. To crea�e eac� �con, Affec��con �e�er�
��nes AV values for ��e �us�c. Fro� ��ese values, 
�� genera�es a colore� �ar�onograp� curve. Users 
can sor� ��e �cons by arousal or valence. T�ey can 
crea�e a se� of files by �ragg�ng ��e� fro� ��e file�
v�ew�ng w�n�ow �o a playl�s�.
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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 exper��en� �nvolve� 35 par��c�pan�s (ages 
21 �o 35) w�o were fa��l�ar w��� ��e s�an�ar� 
file explorer sys�e� an� �a� no ex�re�e �us�cal 
preferences. We prepare� �wo �us�c collec��ons 
con�a�n�ng well�known songs w��� w��c� �os� 
par��c�pan�s woul� be fa��l�ar. We aske� ��e� 
�o genera�e �wo playl�s�s fro� eac� collec��on, 
us�ng ��e gener�c �cons �o genera�e one playl�s� 
an� ��e affec��ve �cons �o genera�e ��e o��er. We 
�ol� ��e� eac� playl�s� s�oul� con�a�n 1� songs 
��ey wan�e� �o l�s�en �o w��le �r�v�ng �o a p�cn�c 
w��� ��e�r g�rlfr�en� or boyfr�en�. We �ol� ��e� 
��ere was a way �o sor� ��e affec��ve �cons bu� 
���n’� expla�n �ow.

As F�gure 7 s�ows, ��e par��c�pan�s generally 
spen� less ���e genera��ng ��e playl�s� w��� ��e 
affec��ve �cons. However, so�e par��c�pan�s �ook 
longer because ��ey nee�e� ���e �o un�ers�an� ��e 
sor��ng func��on an� a�ap� �o ��.

Af�er a few �ays, we con�uc�e� a s���lar exper��
�en� w��� ��e sa�e par��c�pan�s, us�ng o��er �u�
s�c collec��ons. F�gure 7 also s�ows ��ese resul�s. 
T�e par��c�pan�s c�ose playl�s�s �ore qu�ckly, pre�
su�ably because ��ey were �ore fa��l�ar w��� ��e 
�n�erface.

We also co�pare� ��e AV values of ��e songs se�
lec�e� w��� ��e gener�c �cons w��� ��e values of ��e 
songs selec�e� w��� ��e affec��ve �cons (see F�gure 
8). As we expec�e�, all ��e selec�e� songs �a� ��g� 

arousal values, �n��ca��ng ��a� ��e par��c�pan�s 
preferre� exc���ng songs. T�e AV values for eac� 
�ype of �con see� qu��e s���lar.

Familiar versus Unfamiliar Music
I�’s reasonable �o assu�e ��a� our �n�erface w�ll 
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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)

(b) (c)

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 �ore useful �n selec��ng �us�c fro� collec��ons 
of unfa��l�ar songs because par��c�pan�s alrea�y 
know ��e e�o��onal assoc�a��ons of fa��l�ar songs.

To �es� ���s �ypo��es�s, we crea�e� �wo �ore 
�us�c collec��ons, one w��� well�known songs an� 
��e o��er w��� �ore obscure songs (for exa�ple, 
ones by �n��e ban�s). We con�uc�e� �es�s s����
lar �o ��ose we jus� �escr�be�. F�gure 9 s�ows ��e 
resul�s. As we expec�e�, ��e ra��o of ��e ���e �o 
selec� songs us�ng ��e gener�c �cons �o ��e ���e 
for ��e affec��ve �cons �ncrease� for ��e unfa��l�ar 
songs. T�a� �s, ��e affec��ve �cons le� ��e par��c��
pan�s �ore qu�ckly selec� ��ose songs.

F�gure 1� co�pares ��e AV values for ��e �wo 
�ypes of �cons. Co�pare� w��� ��e firs� �wo ex�
per��en�s (see F�gure 8), ��e ��s�r�bu��on �s less b��
ase� �owar� ��g� arousal. We ���nk ���s �s because 
par��c�pan�s �a� �ore �rouble c�oos�ng a playl�s� 
fro� unfa��l�ar songs, so ��ey selec�e� ����le�of�
��e�roa� songs w���ou� l�s�en�ng �o all ��e songs. 
For ��e affec��ve �cons, ��e arousal values were 
��g�er. Af�er ��e exper��en�s, ��e par��c�pan�s 
sa�� ��a� ��e affec��ve �cons �elpe� ��e� pro�uce 

a be��er playl�s�. So, we �e�uce ��a� affec��ve �cons 
can spee� up selec��on of unfa��l�ar songs.

We plan �o ex�en� Affec��con by �es�gn�ng 
an� analyz�ng a �ore co�pre�ens�ve se� 

of �us�c fea�ures. Because fea�ure ex�rac��on �s 
��e sys�e�’s �os� expens�ve par�, �� nee�s �o be 
�ore effec��ve �o be valuable for co��erc�al use. 
We also �ope o��er elabora�e� �e��o�s suc� as 
nonl�near �o�el�ng can ��prove Affec��con’s ac�
curacy. In a�����on, we’re cons��er�ng o��er �con 
s�apes ��a� can represen� e�o��onal con�en� �n�
�u���vely. F�nally, we’re explor�ng us�ng var�ous �ue 
values for �cons because �ue values are also ��por�
�an� for represen��ng e�o��onal con�en�. 
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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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