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Abstract In this paper, a novel framework of attention cap-
sule network is proposed, which uses sound recordings to identify
domestic activities. The capsule network can select a representa-
tive frequency band based on each sound event by the dynamic
routing algorithm. To further improve its ability, we add at-
tention mechanism to the capsule network. It can increase the
focus on significant time frames by weighting. To evaluate our
approach, we test it on the dataset of task 5 of the Detection
and Classification of Acoustic Scenes and Events (DCASE) 2018
Challenge. The results show that the average F1 score can reach
92.1 %, outperforming several baselines.
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FIETE SR B — AP A, de B i — A %
N7 SRR, 75 F R ZR0E SUR S 5 T A SR B, IR
BrEEE NS T REESRN NS F KRG
S TIUINT B G sh k. B R R e B N T3 R
(Artificial intelligence, AI) FFLES A ST, FEEZ 30, I
KL Bl B AR N 3 4y Thi A T B

RGN 75 B S 2 R NS 5 PR TS E i
BN TARAE TR 2 gl SR oy VAR AR R BE A
FHERAIT R RE J), X 7 2R A5 S By 1 i &l
FIL A b, ST IS AR I rP B A BRI LY
TE%H@ XA EAEV 2 U A ROR I TR 4E
B

FF R 2 S 0 753 SR 43 250 35 R v 3] o 174) T
P2 R 45 S E SRR SR ORI 43 2. ARk, TSR
B 2% (CNN) FHAEFRHIZ M 4 (RNN) S5 158828 3 FEAe s
FHEMA TR RITRERE, I BSR4 245
(CRNN) Z54 7 CNN #1 RNN 12 23048 T et ny s 5%
FR4rISPERE. BN, Hershey &l ¥ AN FIL5H CNN
THWA AT, KILPATTR T B 154250 CNN #E%
B AT 55 P B ER R4, It HE R GMRSEE BT
ISF 43 2801 0. Parascandolo 2548 Hy T —FhiE T XL
R FERHEAZ (Bi-LSTM) ¥R 28 M 45 F 152 & A i B0
Fril, JAESR A AN H &P B R R 28500 S AAE A< AT
Wi, TR T REF0AERT. Cakir S5 H TG FUEFR#
L 25 N B S B IE S, 450 878 CRNN 5
VAR TSERT A CNN FI RNN [958, 43527 DCASE
2016 {145 4 S5HEFSARC M, 725 FRUIEEI 28 0 45 1
IATER S HIE 777 ) #F DCASE 2017 145 4 J3 i
B A I ) R R T s B R R A 2R N 5 A A, Hop
RIS T M BT ] DA B BB I T e AR B A ek
KPR, PRIFTETEE— A0,

DCASE 2018 #k{#/1:55 5 2 H T REXEE+ H &5 3)
TR )AL 22 75 T8 7R 5 S 0 AT 55, AT S B bR R
FH 22 5 AR 51 3R B 22 70 3 3 A0 B 250 P i AR 1 70 58 L
Rz —, KR RAERREIRET AT R H #E G (i 7
BE”). XAMESS B EE SHE T 0] AR 2 75 T8 35 00 R 4ok R
FRETE BN, 232 50 A5 5 A BH AR W] DA R 4R e 5 i o 26
e, T 2 A E SRR R, ZEEE %
IR YRS RESWEHLERGEHEH THAE
BUZFI— A4 212512 . Kong 451 T AlexNetish
M VGGish Wy R 2 M 45, BRI 421 VGGish 514
HEARMERE, XU VGG BRI AE IS 78 KA I 15 5
PR LAy FOORAR T, FE s 4 LRG3 RE ) ek w
@13 A 3R SE T B S — 4 AT B2 Tanabe F{BAFI
Inoue HfA. Tanabe % i tH I RGEE T EHE AW
A A HORN BT L4827 > ) G i L & vk, S T S
LA, AR HE 2R, B R EAE, B AR
LEMILHTEIGRE . Jeim YR A 5 T — 4 G 2 M 4%
(1IDCNN) HZEMFIET VGG16 fEEH. G i 22
TR, Tnoue 4545 M T R I B A BT SRS A L
T ONN 427 v e L & vk, e, el iRk
ARG R BRSSPI i E BT
RN GAREAR AR AL, T ARG ER SR R S . R,
J CNN JREE2E S BORIE R4 2588, ONN IR A2 00 f5
BRI RTE Mel 15 15,
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TETERAS T R, A2 T CNIN [ 2568 48 AN 6 5 i) il 25
[6]_E RN 6 A AU, & RAETFA B A RO 4RAE, Br
PA ONN AN BEAR 5L S il 7 MRS (A A 56 3R 2 4% SRR AIE
B ENE, DA BYTRIZESE S BORTIIRA L DAKF B
WEMBRAEY o B R, FrABs e A R R B
ifi H. CNN Al RNN #RAGEAR G A fUfy. JREHE ) 455 2
Hinton f£ 2017 4R 1Y), RaEe —AM 20, HFRFER
RURAA B RSB SO R A B
PR Efeft 7 — MR NRBMA LI, o ARG
PRI L RN R AR K. % T DCASE 2018 £55 5,
A6t Fsg A s AL ) P 422 0 245 A SR 8

TEIZ M 28, AR Ry A e i P e PR AR PR A B,
PR 200 I A 308 o AL R A 0 e 20 M A T A 3R ) P S0 B AT
TN, G SRAZ N i 5 R B A PP A R i AR
RS, D)3 Ao S A S TG A5 2% e R A A A 5 R,
A5 H Al JE TR 0 1 o 2% A I W DATEAf . S ke 0 20 1 8%
R R AR SRS B iR B b R R L, IS R
T A G 2R % o i BB AR SN AR ARRAE, W] A s>
FRAEAR ) 53— AN QBT IR AR IR 2 T RIS 2 S
ATHEEIZ, Cn] DU MRS R 2 503 1
RIVRT LA B Bliade 45 5 A 1 S dpe R O ) BT, [] N2 M AN A
ST (00, TR B, FRATER AR 7 2l i S i [R]
RS TR, AT TR A

1 SFENREMEEE
1.1 BREMERESEH

JIZ TR 2 s T o 22 1) 4% 1) 0 22 DX 31 T IR BRI 2
FT Z A AT 2 6] ) WA, T 70 A o i 22 19 45 o,
BT B A Bl A2 S B AL E R R A L
B RO oy TR A O R R B — P 7 VA SR B = 4R )
BHERAE, XIADTEFE B . AET CNN A5 A%
B, WART CNN M ACERE, B2 A 32 A 1)
IR, I R T 3hS R B, XX L m &7z 5.

JEEHE I 245 B — 2 A A R, AT R — A %
PR T S PO I A o, AU AR S
RAZEAL, BT AT SRR B AR, B PR A B A
Hi. JEH, 752 I 18] 2l A el B 1 M 2 AT I
% DA RERATHIHR R Sh A i h sk

MBI 1 R, CHE—Z2 820 B0 & ).
AT ) &, BB A E M Wy DA — R IR
RO 0 1) s VIR EIRY, B 4y = Wi, BCEBIIRIL
H by = 0, by FRH i MRGKHESN § DB
EEEACE. AR, HEE b W softmax p{
BAFH] cij HRUET ciy WRARAEL H Y2, ci=1; HIRH
85 = Y, Cigly) VT SRR — 2 BRI 0 A T 1) & 4y 1Y
JIRRN; TR 85 7 squashing BR%E™® 75t i i Bt vy
SRR A bij = bij+ag) - vy BEETHIV AR by B
XA E B

Rl ZhiSusmas

Input: Prediction vectors ;|;,layer [, max iterations r

Output: Layer (I 4+ 1) capsules v;

1) Initialization: b;; = 0

2) For r iterations do

) ¢cij = softmax(bs;)
) 85 = D2, Cijty)i
) v; = squash(s;)
) bij = bij + U0 - v;

7) End for

s RS B E 1 FR, B EA AT, B
LB A — A, RE T AR, 220l L 2 WA
B0y BN NZe Ao I T, A S k5 3k mT DA S 1E 5 [l 1Y
LB IR A (L4 1) 2 IFEA A b2 S, i e 2k
LFTRABERT . AN 2 B R B R R, &
R FEER R KR, RGBT S 251
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Bl R A A

Fig.1 Conceptual diagram of capsule routing

1.2 EENNE

FERIIHUH AT A B P et 0 4 A 55 H AR
KEERYAE R, FEHAAR (5 S, AT T o 0 £
PG A AL R 2 R g, FRATHR i 073
AL TR ). RO sigmoid 1 3% s %L, i
T 26 F B A [ IR AR AR S A ). et T AR B
P USRS RII R 2 AR P BC R R 55 ¢ it
T 2(t) s HHTE SO E I AR 2(t) B
OB 1 ZE]. 2 2(t) Bl 1, X ¢ 2R S E
BEHERE, 2 2(t) $IT O I, XFRY. ¢ I ZIWIFE R A S it 2
W JE ALY, 4 AT DA S U B b i S A
o, 2R 2 (¢) & S

2(t) = o(w % z(t) + b) (1)

Horp, 2(t) AEAKRHE, w WAERFE, b WHESH, o 2
sigmoid JELMEFIE AL I YIZR I 25K S H w F1 b,
1.3 RHEIMEIER

AR T ) I S ) 2 AR R AT S RE 1 Bl IR
LRI 2 PR, 8 SCIFE U B B 4 Mel il
B, YRR Mel 111 P i A2 $18 H 1) g e 22 1
ZRAR A, A A e R B T (.

& Hh A TE R I 25 B2 g = AT S AR, — 4
MBREZ, —DRBKEZ, —DEEIEZN DGR
U BT BTt P 2 1 142 AR 2% A K AL 2L
B, BRI BN 4 A 4tk (linear) pRELAN sigmoid ¥
THRREC 4R CNN AL, BRI 2 T Lo
(GLUs) Juft T IRtk it (ReLU). X ASA] 24> (1] g
M H R AT 2 B0 GLUSs SR/ 3 2 9L
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Fig.2 Attention capsule network model

07 SR I sigmoid T BR B BE TR I 46 i AR
TERE ST, [N 4t (linear) pRECH A PR AL 2 M PR A2 R 58
). F AL A BB IR R AR 1) 23 TR 4 B

Zo0d Z AT 14 A USSR ) S R AR B 8 AR R 3 )2
WG 2 SRR, VAR squashing BB AL,
AFHMERZSEBHZ, MAREZ G, X4t ReLU JELH
PG REL RIGEE AT x V x U P=25kE, 1A
squashing BRBUESE. T S EMEATHI N HLEE, V 2 HAD
AR HEN A LERE, U = 4 BIRENIUN. W2 v
PWZNE A T ARy, SRR VAR, 80K
21 x 1 x U ke,

AR BV AN RES A SRR EE . PR
JE R = I 2 2 ) Bl AS i i SRR T AR S S R
BER VARSI EES T AR SR
T BEAEAT DL, 4 22 A5 45 TR 100 3 ) — ek, )
B 5 S AR A 2. R i A SR M 5 A
A 26 T 0 TR AL, IR -5 92 5 A T AN R X A ot
BOALEE, AT HERf M2 =) 2 A 5 3 2 451 4 2 TR) A A
W ARG, B B A 2 T, B A R R A
AR, SIS b SEA T S R vy, TS R )
v, WIRIRKE. GNZ ¢ BTG J AD2EBIRK KA R
AR R AN B TR I, 08 o(t).

FEAEERFRYV ANRERAEZEIIE. BEIET
DALE P 5 A5 B Ly M4 5 5 S 2 % R i A5 )
TEW. %21 sigmoid I R B AE NS TN A E
BAEZ ¢ 2R 2(2), 2(t) L 0 3 1 2.
R AR 92 R AR 5 o ) (7] P o S . i
PR T ML 30 Al A 0 0 2 1 i b SR S B

BGRMEE, FedREZNE T ot) SHEEIIZEN
i z(t) A FF. XA R i e Wt 45 5 BB R AL
W, T T TR B s 1] X 7 25 2R O S 2 A, YRR
TR TN B 1) % I 2 AN A S i 4. 3B A+ S s
I 25 o(t) FIVERE I T 2(¢) WIIMAAIS B 419
T vy vy Fonsh § BRI TIE, k=
T:

M=

0;(t)2;(t)
yj = (2)
. z(t)

t=1

o, 0;(t) ZORINZI ¢ M5 5 A TR v; IRRERK

JE, 2;(t) FoRmZ ¢ 19256 j FERNN T, j=1,--,J, t=
Lo Too2(t) 4561 T o(t) fLIa(5 8 H i B85 Bl i
—AMRREE 7, 2y > 7 I, RS 2EE IS

2 SLI§
2.1 HiEE

BERAL 55 6 )i ) /2 DCASE 2018 {£55 5 $fladk, Bl
SINS ¥rfia S VR A4 B ™). T X AT 55, FEAL o A5
PR IR T 7 A2 v IS AL 25 e e 35 03, B
US4 DI e AL 183 R TR
ST PRSP 16 e DA K% ok F) A e  ml ) (O E

SRR S — A N — R R P I SR, X
MEBSREYONIN 10s EBEB, UEZT I (f
WNPASIE SR A ) 15 B ANG T, X B
BB R —ANEZl. X2 E BRI [ [ 251 B 5 1 A
M SRR L. MBS 4 DI (HIIR A 5
TR 4 D FNGEIE). XA 9 RAEF I HF G 1
BR, 22 1 bt IT R ARG AR 25 3 10s 7Bt
R

R IFREMVHAEE R R

Table 1  Development set and evaluation set audio quantity
W TFRAEFEALL LRLES %St
i 18 860 21112
i 5124 4221
VEwE 1424 1477
WZHR 2308 2100
HoAth, 2060 1960

FEE) 4944 3815
Bk 972 868
A 18 648 21116
TAE 18 644 16 302
Bt 72984 71971

2.2 FHERE

FATHC R SRR A R AE R IO 2 B Bl S S P &
FH R E Mel 8310200, fE3RBURRAE 2 1, RATEEEA B
HRF)ESRDA 16 kHz ST RAFE, SR )G PEAT 4 e B S A5 3|
TERE ] HR IR A A 64 ST Mel JEH#R4L; KB
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Pﬂ%n Mel JEBCE AT, H AT EGSTE, 15304 Mel i
TR BIEEAS 108 FRREAE—A> 240 64 HFFAE ] &
IEI 4 RBENTIERESE DXL Mel 55,
2.3 ZWRE
TEUGRITBE, BTN AR ZE N 5% (1 H AR [,
PR BOE SURGAS G R P 22 1) 245 ) AU T DA o 5 o 4% %
TR BER BT 455 SOA:

== (PnlogOy, + (1= Py)log(1-0,)) (3)

— 7

D R

e et [e e

<+
D¢¢
>
i

<+ %

Hrp, B @MWK, On Fl P FRFEAZRT] n ALY
FIFIEL SR i, HAEBER/NH N 2R, BATRH
Adam ?E?@Fﬁmﬁl:ﬂcji% FItf27 2] % 0.001, PLO.9 Y5
B O 4 T Dl — U ) L AR BRAY RN R 64, B IR IZR
T 30 1.

2.4 SCIGEER

FATICR LI B T PUUTT RS R, = I iR T
WNZRRER, —r Bt S T IO E5 2R, SR S 4 R i

SFIME. ER AR 10 JOTREHINARA-F9(E, 5201k

K3 B RS BRI TR A 2D P EE

Fig.3 2D floorplan of the combined kitchen and living room with the used sensor nodes
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log mel

No.2, cooking

No.3, dishwashing

No.4, eating

log mel
log mel

log mel
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K4 AIESRRTE Mel A

Fig.4 Logmel spectrum of various activities
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4 BRI F1 A0, SXRER AP o TR, 1hocinali R
HRAVRT. BOGRAETAE BT T, 53 T4
BRI PG E FL 45390

2 WRT 5 AARFMRAETT R EA RGN F1 4%
gr, % 3 I LB F1 150, R R G2
B PR E RS GORNN 78 45 BUIG R b 22 9 45 5
fifi AT T 1S F 0. GCRNN-att j& GCRNN JEifil L
THISCHRE B MR B Caps 248 B AR R R
MRS 2518 Caps-att J2JRATTHE H Y RAL.

# 2 JPRAE RSB FL1 1550

Table 2  F1 scores of each model on development dataset
W3 He£4% GCRNN GCRNN-att Caps  Caps-att
B 85.4 % 85.8% 86.9 % 87.5% 91.3%
s 95.1 % 93.7% 96.9 % 93.8% 95.8%
VEw 76.7 % 78.3% 81.1% 67.3% 82.7%
Nz 83.6 % 83.3% 87.8% 82.8% 90.5 %
HoAtls 44.8% 39.1% 41.5% 38.0% 55.4 %

wHeEsh 93.9% 84.7% 98.8 % 89.8% 96.8 %
Hamd: 99.3% 99.9% 100.0 % 99.5 % 99.6 %

A 99.6 % 98.7% 99.8 % 100.0 % 99.9 %
TAE 82.0% 84.1% 84.4% 84.3% 87.6 %

SFEE 84.5 % 86.9 % 87.8% 87.3% 92.1%

MR 2 AR AT AR, FRATABIEUAN LT HoAth 4
ARRAE 9 KIEBI A 5 RIESIN FL 30 # e i), H
H RS 21 F1 135 LA 4 AL 5 % AiAy, HoAh 2k
AR L A 4 ARG 10% At AR B FA R
HAAAMGE B 20, BT REAR S ol D LA DGR

MEEEREERT] AR, FATRAAETF R AP 46 B FL
FRIr BSR4 M. M5B (Caps)
FEIT R EMPPAG RN FL S0 e TR RS, 70l
2.8 % H1 1.6 Yo. 3K U BH L &0 28 A5 43173 2 D R ROR 2
B AT IX R Z I CNN 4544, Caps 7EJF & SR
£ F1 B0 ET GCRNN, 40518 H 04 % Fl 0.1 %. X
YL EL T GCRNN X R B TR (14 0 28 2544, 2 3 I 26 A 53
PR AR GCRNN-att % GCRNN #2114
SERIPHAGSE F1 45500 580 1 0.9 % 1 0.7 %; Caps-att %
Caps ST R ALFPFAGSE FL 13507055 m 1 4.8% 1 2.2%,
XYL I B AL S T 5 SR SO AR i, S T
2

3 #ig

FEASCH, AR 7R T R 4 T 2 Al
ET ARG 1R CNN SR FRRHE R 5 R AU, $2
HH R G AP 4452 o] Jr PSRRI 5 S A TR A X G 2R B o
R A B R T ISR R AR AT K (R AL, i Hh SR T B A vh ki e 22
A S22 R AL, A5 5 W I AR 5 75 S 42 8 A
FAH, S IAER St T R A 5 AR XA R R
AT WO I TR BN ], i Hh P 1R B AL AR 7 A
] AU, B PO 1) AL S ST DA, AT —
LR 28 MG BB IR 4555 7735, 1R M 45 B R HAY
AR SE 2 BE ST, BORAETT R AR ANTEAL SR L) F1 45970531
N 92.1% F1 88.8%. AT —HMIHHF i 4 KRR )

G R 1) 245 41 ) 30 0 R R PG A I 4%, 54 T 0 e e 0 245
TR AREE A A A DA B RS R T I A 2% ] T
AP 253 X JBE AV 0l AL

3 Il EASA FL

Table 3 F1 scores of each model on evaluation dataset

et F1 1345

BLRGE 85.0%

GCRNN 86.5 %

GCRNN-att 86.9 %

Caps 86.6 %

Caps-att 88.8 %

B

A SCVERE O EA R E B B A1) Wang Wen-Wu, Xu
Yong, Huang Qiang, Kong Qiu-Qiang PA} Turab Igbal fi.
PLAFE R AR ST AN G AR A Bl

References

1 Rafferty J, Nugent C D, Liu J, Chen L. From activity
recognition to intention recognition for assisted living within
smart homes. IEEE Transactions on Human-Machine Sys-
tems, 2017, 47(3): 368—379

2 Erden F, Velipasalar S, Alkar A Z, Cetin A E. Sensors in as-
sisted living: a survey of signal and image processing meth-
ods. IEEE Signal Processing Magazine, 2016, 33(2): 36—44

3 Phan H, Hertel L, Maass M, Koch P, Mazur R, Mertins
A. Improved audio scene classification based on label-tree
embeddings and convolutional neural networks. IEEE/ACM
Transactions on Audio, Speech, and Language Processing,
2017, 25(6): 1278—1290

4 Zhu Yu, Zhao Jiang-Kun, Wang Yi-Ning, Zheng Bing-Bing.
A review of human action recognition based on deep learn-
ing. Acta Automatica Sinica, 2016, 42(6): 848—857
(R, BIIHh, FilT, M. BT IR AT IR B Bk
ZiiR. HBh kAR, 2016, 42(6): 848—857)

5 Fonseca E, Gong R, Serra X. A simple fusion of deep and
shallow learning for acoustic scene classification. In: Pro-
ceedings of the 15th Sound and Music Computing Confer-
ence. Limassol, Cyprus, 2018

6 Hershey S, Chaudhuri S, Ellis D P W, Gemmeke J F, Jansen
A, Moore R C, et al. CNN architectures for large-scale au-
dio classification. In: Proceedings of the 2017 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Process-
ing. Seoul, South Korea: IEEE, 2017. 131—-135

7 Parascandolo G, Huttunen H, Virtanen T. Recurrent neu-
ral networks for polyphonic sound event detection in real
life recordings. In: Proceedings of the 2016 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Process-
ing. Shanghai, China: IEEE, 2016. 6440—6444

8 Cakir E, Parascandolo G, Heittola T, Huttunen H, Virtanen
T. Convolutional recurrent neural networks for polyphonic



2204

H zf)

e

Eihd 45 %

10

11

12

13

14

15

16

17

18

19

sound event detection. IEEE Transactions on Audio, Speech,
and Language Processing, 2017, 25(6): 1291—1303

XuY, Kong Q Q, Huang Q, Wang W W, Plumbley M. D. At-
tention and localization based on a deep convolutional recur-
rent model for weakly supervised audio tagging. In: Proceed-
ings of Interspeech 2017. Stockholm, Sweden: ISCA, 2017.
3083—3087

Xu Y, Kong Q Q, Wang W, Plumbley M D. Large-scale
weakly supervised audio classification using gated convolu-
tional neural network. In: Proceedings of the 2018 IEEE
International Conference on Acoustics, Speech and Signal
Processing. Calgary, Alberta, Canada: IEEE, 2018. 121—125

Barker J, Marxer R, Vincent E, Watanabe S. Multi-
microphone speech recognition in everyday environments.
Computer Speech & Language, 2017, 26: 386—387

Dekkers G, Vuegen L, Waterschoot T V, Vanrumste B, Kars-
makers P. Dcase 2018 challenge-task 5: monitoring of do-
mestic activities based on multi-channel acoustics. [Online],
available: https://arxiv.org/pdf/1807.11246.pdf, August 1,
2018

Kong Q Q, Igbal T, Xu Y, Wang W W, Plumb-
ley M D. Dcase 2018 challenge surrey cross-task con-
volutional neural network baseline. [Online], available:
https://arxiv.org/pdf/1808.00773.pdf, September 29, 2018

Tanabe R, Endo T, Nikaido Y, Ichige T, Nguyen P,
Kawaguchi Y, et al. [Online], available: http://dcase. com-
munity/documents/challenge2018/technical _reports/DCAS
E2018_Tanabe_55.pdf, September 15, 2018

Inoue T, Vinayavekhin P, Wang S, Wood D, Greco N,
Tachibana R. [Online|, available: http://dcase. commu-
nity /documents/challenge2018 /technical reports/DCASE20
18_Inoue_14.pdf, September 15, 2018

Sabour S, Frosst N, Hinton G E. Dynamic routing between
capsules. In: Proceedings of the 2017 Neural Information
Processing Systems. Long Beach, CA, USA: NIPS, 2017.
3856—3866

Dauphin Y N, Fan A, Auli M, Grangier D. Language mod-
eling with gated convolutional networks. In: Proceedings
of the 2016 International Conference on Machine Learning.
New York, USA: ACM, 2016. 933—941

Dekkers G, Lauwereins S, Thoen B, Adhana M W, Brouck-
xon H, Waterschoot T V, et al. The sins database for de-
tection of daily activities in a home environment using an
acoustic sensor network. In: Proceedings of the Detection
and Classification of Acoustic Scenes and Events 2017 Work-
shop. Munich, Germany: DCASE, 2017. 32—36

Kong Q Q, Xu Y, Wang W W, Plumbley M D. A joint
separation-classification model for sound event detection of
weakly labelled data. In: Proceedings of the 2018 IEEE In-
ternational Conference on Acoustics, Speech and Signal Pro-
cessing. Calgary, Alberta, Canada: IEEE, 2018. 321—-325

20 Kong Q Q, Xu Y, Sobieraj I, Wang W W, Plumbley M D
(2019). Sound Event Detection and Time-Frequency Seg-
mentation from Weakly Labelled Data. IEEE/ACM Trans-
actions on Audio, Speech, and Language Processing, 2019,
27(4): TTT—787

FER  MLKEGE RS TR SRR, EEH s S b #E
AL ASGEEIEE . E-mail: wjjQ@ysu.edu.cn

(WANG Jin-Jia Professor at the School of Information Sci-
ence and Engineering, Yanshan University. His research interest
covers signal processing and pattern recognition. Corresponding
author of this paper.)

LHRF  WLKRPEERE S TR LR 4. E2EHR T
B EEEAM. BE-mail: jsn1533915375@163.com

(JI Shao-Nan  Master student at the School of Information
Science and Engineering, Yanshan University. His research in-
terest covers signal and information processing.)

B OW LSS DRSS TR LB L. BRI m A
BAbHL. E-mail: 15733598690@163.com

(CUI Lin Master student at the School of Information Sci-
ence and Engineering, Yanshan University. Her research interest
is information processing.)

B & LR ERRE S TR B LB R A SR 1 fE
S4bP. E-mail: xiajing 527@sina.com

(XIA Jing Master student at the School of Information Sci-
ence and Engineering, Yanshan University. Her research interest
is signal processing.)

L7 R 1T N S W s o M s o U e R T e Wl k2 0t W A LI L
5. E-mail: yqlhp@sina.cn
(YANG Qian Master student at the School of Information
Science and Engineering, Yanshan University. Her research in-
terest is pattern recognition.)

Emiz A ER

AT 2019 4E4 45 45 8 1] 1536—1547 B “ET

Z A ko 2 W 2 i st Ak 2E ) OV R — 30, 25 4

LY S AT B9 () A9 (d) o EEifE], K9 (c) VA 50
YOEUG ISR, 1B 9 (d) Bl ZRETH 2528
R IE, 65 H 1t o i IR P m o

CH B dilEH



