5510 0] H ¥ s B Vol. 49 No.10
2021 410 A ACTA ELECTRONICA SINICA Oct. 2021
Ye N 2L S u] v B . BX>
T HCA 2 I REZR e i b 5o B2k
REWS, FHAE, AR, G 2
(AERH TR F 515 850, AR 510640)
B E. TR REMES AR TR S5 SRS IR B R — 28 AR SO —Fh L T A2

SJHEBRL Y5 55 e B2 1 I HEZR i — 5 A 4R 15 M 2% (Convolution Autoencoder Network, CAN ) 5 —~J) 51 #4: 52
ZE M 2% (Discriminative Clustering Network, DCN)ZH Al .CAN U4 2 A% 48 FEAS 2% , FH T HE R BE AR R 4E , DCN T4
i A A TR P AR R AR A T 2SI T AT S B 5137 5 3R 2 SR I DCASE-2017 Fl LITIS-Rouen $8i 845 4 S50 45048 , 1L
BERTRVRAE S T I ( R L SC 025 SRR B R IE — L B A5 BRI BEAE N PPN HE FRmt , ST I A 2% 2 HEZR g2
B TR B AR R E O T I AARHE , A< SO T HA 7k A SOy B A i AN R R BB R IR A e

KER: HIERYS; TAEIEL; BRA D RL s HRIPE R R 4%
FE4ES:  TN912.3 XHEkFRIRAS: A XERS:  0372-2112(2021)10-2041-07
- F=Z3URL: http://www. ejournal. org. cn DOI: 10. 12263/DZXB. 20200573

Audio Scene Clustering Based on Joint Learning Framework

ZHANG Yu-han, LI Yan-xiong, JIANG Zhong-jie, CHEN Hao
(School of Electronic and Information Engineering , South China University of Technology , Guangzhou, Guangdong 510640, China)

Abstract: Audio scene clustering (ASC) is a task to merge audio samples belonging to the same type of acoustic
scene into a single cluster. This paper proposes a method of ASC based on joint learning framework. The proposed frame-
work consists of a convolution autoencoder network (CAN) and a discriminative clustering network (DCN). The CAN is
used to extract deep transformed feature (DTF), while the DCN is used to do cluster estimation on the input DTF for realiz-
ing ASC. Two datasets, DCASE-2017 and LITIS-Rouen, are used as experimental data, and the performance of different
features and clustering methods are compared. Experimental results show that the DTF extracted by the joint learning frame-
work outperforms other features, and our method is superior to other methods, in terms of the metrics of both normalized
mutual information and clustering accuracy. The cost of the proposed method is the higher computational complexity.
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