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Character-Based Video Summarization Using Speaker Identification
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Abstract

In this paper, we propose a character-based summarization algorithm using speaker identification method from
the dialog in video. First, we extract the dialog of shots containing characters’ face and then, classify the scene
according to actor/actress by performing speaker identification. The classifier is based on the GMM(Gaussian
Mixture Model) using the 24 values of MFCC(Mel Frequency Cepstrum Coefficient). GMM is trained to recognize
one actor/actress among four who are all trained by GMM. Our experiment result shows that GMM classifier

obtains the error rate of 0.138 from our video data.

Key words : Content-based summarization, Speaker identification, MFCC, GMM, Minimum distance classifier.

I. N2 Brh uxde vhe F2E AgsAn, vyge f 2

E ARl oulE zte Y FAE T A &

Ao dEn el Aol we bo| uwhel g 7|k Astz AL ottt B E=EodAe AHERIY o 9
BT BA 9ok @ A dg BAle %3 Zrer A H TAHRL AER " AdHYE s 5
I glth ulg 7]wke] HT e RAe 9 nrQe TAS = TH vhe a9k @3 A e ARMdY. 7
setstm 1 oM EH WL odats AL gz  IUE FAH ﬂq Sofoll= Al ARt J7 ARE
goi1]. B9 Qoke] mmaAel wwel nt)e Aele  AMEShE el 9lu V&) dFe TR A AEE of%
73 ATE AWUEL SA G FwE 188 e ~ 0 & HHL ¥4 5 % olFRck T} Azt HRRHE o]
g2 g§AsE 248 2o A7 dfAn ooz, ¥ HlUS 29E dueElFe] Higsta <dite] ®e] a
~Eg ZAe Hge Qoke] AW ZAlo nlge gk AZHEQ)l FHo| A & 8o] "ol welr] B =EoAE

=
E&H wide a%kS 913 A2 Aruro] ohd AN

3]
*AT Ut ARFANFH S B} ‘
2= olz} 1 2005. 7. 18 43 ¢kz: 2005, 10. 19 =4 ARE ol g3l ujr]e sofF W gis] ATt
iﬁ- W& : 2005-3-6 Abgrel F4 Ase Adlel F7140 el o g
HE =EL 20049% $EFFdUSstn mujgd g7 9 = g 23 glon oA AF FAE fold 183 =
Gl AR AT AR, He 23 ok B9, AR JEs MRy dges



E53 3 Fo4(formant) 2 22 k. B =EoME o
23 EAL # Z¥eE= MFCClmel frequency cepstrum

coefficient) & ¢|&3te] 4& 49 x3ste H(shot)2} &
A AERPY AES F2EY o 7]E vy o
oFAFA = BAIAE A HA 2r]e A|lFEZA] AL
o] FARES FE3E A9Vt tF-Eolofx] Xy &Rt A
g5 FHAA sl A3t ]91‘3} E AT 4 Az
= FEolgr ddEd
3E AMEEt Al2R1E 7 —Eﬁi} Eisiy=g
2 =89 28494 E A A4 9 AET 5A
l MFCCel disk, 3%l e szt g 93 277]
Ql ZhAlel 3 £ 2d(GMM) disiA ztzh A
ok 4o e Ba A4 s Hrhstn Ay Aw
= X R, spxge g 5P AeHe ¥y Q9
71l s A28 Peo

Akl 4 2]

II. Mel Frequency Cepstral Coefficients

24240 2ol EAZFCSRZ  Linear Prediction
Coefficientst} Linear Prediction Spectrum 3% #<& 2
2 WRjo] EAEA FaFE AAHZ o)L AE o
FEe dFS 2 wun gHH Ao s YepgoHs). 2
% Mel Frequency Cepstral Coefficients (MFCC)x= &4
a4, §}x} g4 G da 2ol FES 5 3 F 3t
volr §4 2"HEY S RHIYE Mel T34 HE
ZHEE  Ad=Eo3)4]). 28 19 ESdolojayge
MFCCE F&3tc 7148 vk

2} (2)9] Nt FFT(Fast Fourier Transform)9} Zo}Z& e}
ok Fage #gd X(n, w )9 A7(magnitude)= ZE
Az Fa ggd o8 stFsiym, ol#d dE
Al 2= AFH4(1000Hzo 3hal e Y FHFI4
& G Fo] HFPHo|At Furt FoldpE 21 2
ALz F7hste o)A E AF 949
9 Az Q7o Az} EXMdo] Wiy vl nFa o
Fo] Mz dAE 1A ¥ 54S A83 Aol uh3]

E—;A—]Q 7L_,“1 gl

, mei1L]
"[“’JA'(’E)_> FPT o . 4'(’?—4 Energy i)

win-m] Vilw

¥ 1. MFCCe F%& 1A
Fig. 1. Block Diagram to Extract MFCC

X(n,0 )= g‘: sl mlul n—mle ~ " 1
w= 2k @)

9 2& Davies®t Mermelsteino] 28} okl = ~
A (mel-scale) e W9 oF BoJF1 Qi[5
WA 4 Fose Mel 2492 EASA =5
FA (s ol &sle] W 2AYE Aste AA Fas
WL ne 2 e 5 A2 998 irA "ok

Mel(f) = 2595 log (1 + 3)

L
700

L yzyo8
:[25+75[1+1.4( Togo ) 17" /1000 "

1000 /<1000

[ astemie riiver wunie ]|

RN

500 2000 2500 2000 3500 4000 | 4500
Frequency =z

8
B
=

o
o

a3 2. 2429 Mel-scale & w2
Fig. 2. Mel-scale Filter Bank with 24 Order
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Table 4. Misclassification Probability according to

Various Threshold Value T

o= Set 1 Set 2 Set 3 Set 4

P(dA) | P(dB)||P(dA) | P(elBY|[P(£lA) | P(4B)||P(8A) | P(elB)

0.010 | 0.414 | 0.000 || 0.414 | 0.000 || 0.414 | 0.000 |{ 0.414 | 0.035
0.040 (0.345 | 0.000 |t 0.414 | 0.000 |[ 0.379 | 0.103 || 0.310 | 0.241
0.070 | 0.379 [ 0.069 |{ 0.414 | 0.035 § 0.138 | 0.310 | 0.276 | 0.414
0.100 | 0.310 | 0.172 | 0.379 | 0.103 || 0.130 | 0.483 | 0.172 | 0.379
0.130 $0.172 | 0.276 } 0.310 | 0.207 |[ 0.069 | 0.483 | 0.069 | 0.448
0.160 | 0.172 | 0.345} 0.310 [ 0.345 (| 0.035 | 0.483 }| 0.103 | 0.483
0.190 | 0.103 | 0.414 | 0.241 | 0.379 |[ 0.035 | 0.517 § 0.103 | 0.483
0.220 | 0.069 | 0.483 11 0.207 | 0.379 |[ 0.035 } 0.517 || 0.103 | 0.483
0.250 { 0.069 { 0.483 11 0.138 | 0.414 |[ 0.035 | 0.517 }| 0.103 | 0.483
0.280 | 0.069 | 0.43310.103 | 0.414 |[ 0.035 | 0.517 || 0.069 | 0.483
0.310 { 0.035 | 0.483 [[ 0.069 | 0.448 [ 0.035 | 0.552 || 0.069 | 0.517
0.340 | 0.035 | 0.483 [[ 0.103 | 0.483 || 0.035 | 0.552 [| 0.035 | 0.448
0.370 { 0.035 | 0.483|(0.103 | 0.483 }} 0.035 | 0.552 || 0.000 { 0.483
0.400 {0.035 ] 0.483|(0.103 | 0.448 1 0.035 | 0.552 || 0.035 | 0.483
0.430 | 0.035 | 0.483 [[ 0.103 | 0.483 1 0.035 | 0.552 || 0.035 { 0.483
0.460 | 0.035 [ 0.517 || 0.103 | 0.483 |} 0.035 | 0.552 [| 0.035 | 0.517
0.490 | 0.035| 0.517 [| 0.103 | 0.483 |} 0.035 | 0.552 [| 0.000 | 0.552
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