Joumal of the KIECS. pp. 485492, vol, 12, no. 3, Jun. 30 2017, 1. 83, pISSN 1975-8170 | eSSN 2288-2189
Regular paper http:/ /x.doi.org/10,13067/JKIECS.2017.12.3.485

theksl A7) 3404 UBM 7]uke] HH A7 A=

3e5
Scream Sound Detection Based on Universal Background Model Under Various
Sound Environments

Yong-Joo Chung’

o OoF
I 5

GMM(: Gaussian Mixture Model) |8 A& AE37] H8lA 718 Bol AFEEH= 7| shtolth
71Ee] GMM HAdA = A FAdelHE HEAg e H-HE AR rr, FARGS Feke] 77t
GMM E9S& AgsiA Ak ey 2 AFoe vy &g AE Aol 1A v 9 fAstE Ao
Zrotslo] slapel Ao - g3pA o2 AREE UBMC(: Universal Background Model) WH2]& HiWAd] A&

[SREN H=
of A48 AL ALk AkH UBM A€ B3 A% 29 A% 712 GMM $40] Hald o e
HE HAos RS 4 Ads Soto] &l & 5 itk

ABSTRACT

GMM has been one of the most popular methods for scream sound detection. In the conventional GMM, the whole training data is divided into scream
sound and non-scream sound, and the GMM is trained for each of them in the training process. Motivated by the idea that the process of scream sound
detection is very similar to that of speaker recognition, the UBM which has been used quite successfully in speaker recognition, is proposed for use in
scream sound detection in this study. We could find that UBM shows better performance than the traditional GMM from the experimental results.
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1) Korean National Police Agency,
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Fig. 1 Flowchart of MFCC feature extraction process
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Fig. 3 Flowchart of scream detection algorithm based
on UBM
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Table 1. Performance on scream detection based on

GMM
Number FRR(%) FAR(%)
of mixture
1 134 165
10 294 78
2 269 64
30 61 55
0 334 13
50 374 18
60 447 11
70 196 50
7 166 11
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Table 2. Performance on scream detection based on
MAP adaptation for UBM-GMM

Number FRR(%) FAR(%)
of mixture
1 147 154
10 A4 117
20 65 112
20 395 113
40 52 121
50 306 118
60 306 121
70 273 124
75 28 123

E 3. UBM-GMM2| MLE Mg 7|gte| H|H
& M
Table 3. Performance on scream detection based on
MLE adaptation for UBM-GMM

Rumber FRR(%) FAR(%)
of mixture
1 14.7 154
10 19.3 10.1
20 22.6 8.6
30 25.1 74
40 26.6 7.2
50 30.0 70
60 36.8 6.1
70 35.8 6.0
75 38.3 59
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Fig. 4 Performance comparison in FRR and FAR

between GMM and UBM-GMM adaptation methods
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