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A method for finding the relationship between music mood and the
information of time and frequency by music mood classification
using spectrogram images

HIROKI MIYATANI™  HIDEKI NAKAYAMAT™

Recently, with the development of the Internet and various music devices, it has become harder to choose appropriate music suited
to particular scenes from enormous amount of songs because of diverse listening cases. Therefore, demand of music mood
classification has been increasing. However, being different from other music classification tasks, mood classification is known to
have less-obvious relation to musical features. Thus, in this research we estimate music mood with raw audio information, and
propose method to extract influential elements in music impression. Firstly, we use visual features of spectrogram image generated
audio information. Additionally, with analysis using the Fisher weight map of features extracted in each frequency, it becomes
apparent how much the features effect the mood discrimination. Furthermore, dividing a music into some parts and expression one
feature integrated each feature for a length of time, we identify the time period which effects powerfully on whole music mood
from each probability. Finally, we verify the validity of analysis with our method through a subjective evaluation experiment.
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Figure 1 The outline of music mood classification.
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Figure 2 The example of Fisher weight map in facial
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with Fisher weight map.
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Figure 5 The proposed method to extract the degree of
contribution to music mood.
THESHEEATY, &7 T AOWBIEEORREIT Y. K&
(245 B S U 72 RO, & A O E R A2 b

DTHD), FBAHNERZITS .

T—%ty b LTEERERENED Y T ZANRBEH
ThHHLONRLETH D=9, Mirex-like mood dataset[4] &
WHIRLDOE T NS 7 TADL— RTHEIN
7230 BoFRAEESNTND L OEHN

# 1 Mirex-like mood dataset 7 7 A FEHIHE

Tablel  Class detailed information of Mirex-like mood

dataset

Classl 1708 passionate, rousing, confident, boisterous, rowdy

Class2  164@ rollicking, cheerful, fun, sweet, amiable/good natured
Class3  215@f  literate, poignant, wistful, bittersweet, autumnal, brooding
Class4 1918 humorous, silly, campy, quirky, whimsical, witty, wry
Class5  163@  aggressive, fiery, tense/anxious, intense, volatile, visceral

FFILE ) TMCEBR L, A7 ha 2l T AERITE
suarEfni. A7 b s T AEBIT 10 B2
L, EMRELTA4kHz - 10kHz ETERHE LB D, JEME
T DO E Y X7 513pixel D& L 1025pixel D EH DT
EEpE1To72. (LLT 4k-513, 4k-1025, 10k-513, 10k-1025 &
FT) FLEGHEBEE L UIEITHECHVY O
GLCM[5], LBP[6], ¥ —rmigEoi#nl72ETi<HnHh
% GIST[7]Z MV /=. GLCM 1% 0 &, 45 ], 90 &, 135 ¥
DOHLOEMV, HEHT 1 & 12 W A2V L DEERT
Wo7-. LBP IZUrfE 8 HIz>WT, FEEET 1,23 © 3 fJE
THEBRAEITo7=. F£7= uniform BT 59 Rt DO FF 2 Hh i
L72.GISTIZARY rua /5 AOEENE ) 7 uThbT-
O, 320 WKL LT

B OSE GEE LT, BRI mmc4dh 3 @ar- 9 @
Frafht L7z b o, JEk$051m1% Costa & 12 X B AF4E[3] %
SEVRIBRE, N—7 RE, ANVREZHWCHEZTT
Sfc. BIEREXSEMBICEERE 10 HFLzb0TH
L. N—=7 REFEROBMAFRICHE LT D TH Y,
ANVRETEORE ST 2HREARETH 5.

52 5935 ANERER

F—F vy bEIEET A M 91 DHRTHT,

F—H THER LB L > TCT A NT =N 527 T X



TR 2P TE
IPSJ SIG Technical Report

DEZICRBTOINEMET D 5 7T AnHE{To72. 10
B2 v 2R F =3 g 2 &ATVMGIER O V-l % ST
FEL L7z, 3 2 D “previous”id Costa 5D FIEDZ L &L,
JABEH Z LR EES Ty T AMEERIT O HikE
WTW D, “proposed” TR BFIEL L, FEEMN T L DFF
MEE—DDRT MZE LD THEBEERLTCND.
“fisher "I 7 1 v ¥ ¥ —EA~Y v T THIEERE n f@FEH
L CRILEMEIT T b D AR L LT=FIETH D, 2
T L IRBETFIEZ LA D LIZERBEORENH TV D
&, FleT a4 vy —EAE Yy T TRICEME LR
BTN — 2 FORBEZEITECIDEVEEE CHYE
L2 ENbhrolz. FlLIOBEXT—% v MERER
HRAEME A AV CERR L 7o g & b AR E OB T
H5.
53 Z{E5EEER

K7 TRAZBT DENERET 2 ZEoEE 57 TR
BB L NFIERBE DO FIETITo. 7 A M —% & L THERAI
5277 AD1IREZIES, AEEES 7 7 ANLRYHL
Tele®OF v AL — MES0% ERoTND. T4y ¥—
BHE2OEFTHEM LU TCRILEZEM LIZb DL RFHEL L
TEHERLIERERRIDE TRl I 74y
— B L% VTR L7 R E 2 VT class3 12201 T
1L 8ELIVIEE CHlAITE 5 Z LR TE 5.

#& 2 57 7 AWHIRER
Table 2  The result of five classes recognition.

4k-513 4k-1025 10k-513 10k-1025]

previous 45.62 46.18 44.27 43.37
proposed 45.73 46.52 43.82 44.61
fisherl 42.13 41.46 44.94 43.37
fisher2 43,93 43.71 44.94 44.04
fisher5 44.72 45.39 46.07 44.49
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Table 3  The result of binary classes recognition

4k-513 4k-1025 10k-51310k-1025

classl 67.35 6735 66.18 67.35
class2 67.50 68.44 67.81 66.56
class3 80.71 80.00 80.48 80.24
class4 65.00 65.53 63.68 64.47
class5 77.50 77.19 78.12 77.19

RN OEAEITFRDN =R (%)
5.4 FHFFMEE

U7 Ref - SR oflizx e, K7 o X ik
5. K61x5 7 7 A#EMTHW S E Ay, —o0%
DL S5 REBEIZI0R T ED AT hu /T AEGF
A L, class3 OS54 03 @\ BAL 5 AL O R

(©2012 Information Processing Society of Japan

IR, TALS MO EZE TRLIZLDOTHS. class3
IZAARGETIE Bl 2G5 T ATHDDT, F
BRSO BRI X E 3 22, IR AV R
FENZL Lo TV AHAINHATE 5.

[Hz]
10000

8000

6000

4000

2000

0
0 100 200 300 [#]

TR class3D B EENF UL LIS OB
B class3DBERFERAEL L (1547 D BFREH
6 FNENOREMHICI T DRES VO
Figure 6 Extract the mood degree in each time period.
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Figure 7 Graph about the relationship between defference in

posterior probability and correct answer rate.
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Figure 8  The contribution degree to music mood in each

frequency band in class3.
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