A Novel Algorithm for Speaker Change Detection
Based on Support Vector Machine
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[V duration fol 2 XI'] FFE i peRL- [ﬁ‘u—ﬁ?ﬁ TR S5 R (HREERfIRY threshold 2]
o qugqlﬂ i o bl (R H] 0.5 7 £) threshold F”fg*?l Rk on “”J}zﬁﬁu THITEN

PP o

segment boundaries (silent region>0.5 second)

Type | Potential speaker change

WA~ ST BT R O FE AR D Y (1
B. A I AR H R S B

IR — 5SS S 25 L LB AR SvM
i T *Hﬁ’m‘/aﬁ?ﬁ THERERRRR R S B P [ frame et 7 FI= e 2 B PR
Elijjﬁi%h‘o T ILE H[ » 25 1M %7§¢5?% ALl ﬁ?‘i;ﬁ:ﬁ -lfj window size [’ﬁ(‘g—ﬁ I”‘:f[ » X3 Xif:—r|1f2: 70 it frame L
- ]’[afj\&ﬁp@gﬁs]q’sr% B (B “pJuHﬂ J}zﬁ’hﬁ 15 S 2GR0 8k | Y 60 {fif frame ’5[ [ sliding
window [l > iﬁﬁ?@_p\f}ﬂ PRLES ]Fﬂﬁv’éﬁffﬂﬁ false- alarm}{fj””? EIREfYe J}Zﬁ’!ﬂ#f o P
["5# {% miss detection rate o [ %=1 fiY false-alarm [i' '] {1 *'] r= JE\E’F’EF” = er"[ ,]»’FL]
SOHERE ISP R3], [12-13] 1) 60 {5 frame (- ‘F i 120 {lif frame) ) window size i)
E‘ IS FPEE T (27 125 [ frame)[iu e ATHRERTEL {9 558 1-4], [8-10], [16], [32]

S BRFpED) FFIJE,H{{ J}zﬁ,ﬁw F[’ IR 2RVESE e bl [HE g’!ﬁl_ SEPFE) v shift — ([ frame

f s11d1ng %ﬁj{]ﬁl o B H] 60 {f frame iU~ rl [[JWM[% |I;E§:E_f§',ri'l 0

_”HH

C. AR
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S P 1.5 P19 window FTHIRS ) TLB JRL b 2 TR 0svR
ot BRIV 2 IV.B 5O 5B [ PR false-alarm 155 R) 263 /01
4 =

ldyf‘f;zﬁ AR S 2 J&Eﬁ“* FIE = ¢ E%/%EB training misclassification rate [1V21]
70 PSR AT R F (iR 5 f&lFﬁ‘ﬂ’v R TIPREPHR Y 1S T
i window  SSpA Y K12 AR 1 PRIV B TRBIGE VRO F o B R
[ (5 1.5 PRt window A1 o B SVEREAT AT false-alarm 19 ”J}Zﬁﬁ JE=I5f
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V. o R
A HREBUALS
I&]Fﬂlﬁm pw«é\f“ 13 KE“FUFU MFCC 28 55 Hutf“lﬂuﬂf[ flfEese s s I[ﬁ{?ﬁ?ﬁ i) 30
SHPVE ?”l ; L‘i' & H‘_—l:g"f *,gﬁﬁf i
‘%ﬁ | JE\%MTW - PO SR SIS
% detection error » bl f?ﬁﬁ R O R R S -
(Pl 78,V £ false-alarm F5 kL segment insertion o =5 [+ 1" I') M [¥¥@ @ 5 1Y precision = recall
A '—J\_F] JFM ][_{ﬁﬁn-{ > i—_?ﬂ/[l_’\ .

.. number of correctly found boundaries
Pr ecision =

total numer of boundaries

Recall — number of correctly found boundc‘zrles ..... (17)
numer of hypothesized boundaries
P9t ES P ffi ] F-measure [13] 4 %f precision » recall 1% ﬁﬁf i ]Ff, » HFEPEFE 32 o (neutral

parameterization)ﬁlj?I ; /5'|F"iﬂ|:| - precision == recall ff![F f' URET » PIF=F-score Ui .

Fecore — 2 x PrecisionxRecall (18)

Pr ecision + Re call

M- ]'EF'VE‘I’*&?TF T (tolerance) At s flt 2% » S0~ |ﬁ EON- I J}Z\E’!‘f‘f ‘FFI'E& ¢, Elfjf”l}z‘i%’!ﬁ
o YT ERIET e BRI £y — AT <8y <l + ALV ] B D D IR TS PR
BERENES I'F'EJF%‘»JLAt =0.5 - =9 ; ;lﬂ?[‘?j—;ﬂxlz'““wjéb_ﬂgjéj BT PRI+ S SR (R e
%ﬂ&ﬁ@ﬁ”WMEE‘HOSﬂ' o ETRLT O - 28 B SRR % 1
7 | PP T BT R i st -

B. ?‘f PP
ﬁg”gj_ tF[ J}g\%#ﬂ?%%l (A IR aegl\rl%@_ P IV.B 25 =33yt sliding window
4\'J % 60 [ frame > I | %7 ILE Hl » ZH T SVM Y training misclassification rate £% 0.05 -

i JLJF*T Ji%gﬂwg = (confirmation) = lft(mergmg) 5 LA T frJF'”ﬂ"”FA*M“% IR
CS_MS -~ CS_MB ~ CB  MS = CB M}g » By % SVM 2 BIC fUssc « HARR &A™

®  CS: Confirmation by SVM.

alll}

®  CB: Confirmation by BIC.

®  MS: Merging by SVM.

®  MB: Merging by BIC.
ST BIC puE|| ';,'Elé(penalty factor)=* SVM [i¥ training misclassiﬁcation rat g b fifi V5

3 SR 10 9 10 i | #W%ﬁ,JlgﬁnﬁmE mﬂjmg‘ﬁﬁw%ﬂ

TR R R R - B R R R F

#— ~ BIC pyEE| {8 (penalty factor)=* SVM [V training misclassification rat B ffi F%'%‘i‘—_

Algorithm SVM based BIC based
Parameter Tl.lreshol.d of training Penalty factor
misclassification rate
Confirmation 0.1 1.4
Merging 0.05 1.4

 SVM [IY confirmation 3R [ 1= R E'J&‘I@ﬁfj fiY training misclassification rate fiff jil fifi < 24/ ;
%LFHEVE[T threshold = f& [ merging +/J&F | {fli ' [tk [Kf1Y training misclassification rate i ! fifi < 21|

15



) SERGTL USRI recal re - PSS (i S ST
?E[j*u J}l;%!ﬁ_ﬁl IJE Y > [R P25 {55f recall rate fURITf IS4 precision rate ©
Lol ""‘i’?’g"j‘s'?‘ %
%X[[E‘“E‘ﬁ IEIRERE wy[l%ﬁ Fir. > L f[1 CS_MS (Confirmation by SVM & Merging by SVM)
FPR Y [ERESR o 25 PR L VLB VL1 SEEFEY T KR H:EUMJ}Z\%@ Mg [y window
4 }T?I}’F”[ﬂ\l FUP5 FpUpE training misclassification rate frUdfi % - e R Ry Jﬁiﬁ’![‘ﬁ?ﬁﬂ“lwfﬁﬁﬂ
FYRUA o

- U )
Data Precision Recall F-score
CS _MS 0.76 0.90 0.82
CS_MB 0.79 0.81 0.79
Chinese
CB_MB 0.57 0.77 0.65
CB_MS 0.53 0.75 0.62
CS _MS 0.70 0.92 0.79
CS_MB 0.72 0.80 0.75
English
CB_MB 0.44 0.85 0.57
CB_MS 0.57 0.62 0.59

7+ CB_MS(Confirmation by BIC & Merging by SVM)#{ &/ 1 : BIC fi y]r‘fgg#ﬁﬂdl RS ﬂ i
RIS RPEAOZR G0 - O DU SRR AT 1880 iy BIC 1Y confirmation “ﬁ%‘ H
B SR Jﬁ?ﬁi{ﬁ#& SVM [ merging ./ # BRI (/R VRN R8T BB [~ 1 # O
@% o [EIE = LRy {1 fi JDHIF*, YR o lﬁﬁ,ip J,{?F,J»F“ 13815 training misclassification rate

A 1Fﬁ‘/ SVM fivE «*[J ; recall rate PNIFEEE o
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