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Sound event detection based on multi-scale strip—convolution attention
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Abstract ; Existing multi—scale feature fusion methods can solve the problem of different time scales in sound event detection, but
have poor ability to detect short time sound events. In this paper, a multi-scale striped convolution attention module is added to the
mainstream CRNN model, which can effectively capture different context information of short—time sound events through multi—
branch structure, and can also match different scale sound events. At the same time, each branch uses two deep strip convolution
instead of two—dimensional convolution to match the linear characteristics of short—time sound events after multiple pooling. In order
to overcome the problem of short time event feature extraction caused by time—frequency attention mechanism using global pooling,
this paper introduces cross attention, which enhances the representation ability of each time-frequency point by aggregating long—
range context information in horizontal and vertical directions. In this paper, the DESED data set provided by the DCASE Challenge
2022 Task4 is used for experiments. The results show that the proposed method significantly improves the detection capability of
short—time sound events on the test set compared with the comparison system.
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Network

0 3| = I8 7 A R L 7 TR AR

75 S # ( Sound Event Detection, SED ) #% A&

FETEAT P IAAATE, AT Ll A & AT R T I B SCTE AT, BRI & 41 e B b i 31

FIFEEMER Ol e BRI PREE TR A S BSEOERNE  JFaR IRR G S 0 T IR R4S R A I

DM EUG AU AR (LA MR 8 BEA i T P G A i A W AR T AR B AR 2 A
U AT B N T

E&WH: EFRFHAIH 2030— H — LA T8 A" T AR5 H (2020AAA0106200) ; FE K H A FL% H 4 (61936005, 61872199 , 61872424,
62001038) , MR HAENAFHEANACIHIIH (ZX12022472) ,

BRI T A5(1999—) & WA, FEMFTH 1 0255 S d R

WSS, B BE(1976—) B 184, 8% A S, 23055 Jr 1) . ZAME B RS0 5 2 B4(5 BAKK . Email :shaoxi@ njupt. edu. cn,,

WA A 2023-08-07 YT IR i 54 L5 & A




5 2 1]

AR, o BT 2 NGB R0 & SO 169

T 25 0 46 A P A e ) 1 R R A
2 4% ( Deep Neural Networks, DNN ), Bl 5E A 3
Fi B PP RIS SR AL PR I U B A B A 22 )
2o BEAT R — SR R AR IR ) | B A ik 264
GURHEXS 75 o R AT A SRR . S T R
i > ey R 7 2R RAE | Tokozume 251 45 A1
PRZEMZE (CNN ) B 75 & S A i vp A1 R A FR
O RPN R A0 SCAR B s ot AT DR SR (2 i
FHEBREAR/NEE ,CNN L EE &1 i (B i - F
MAEE . AT A S BN SCUE R, E
MEFA P 22 W 4% ( Recurrent Neural Networks, RNN )
FF 758 SRR A 5 i B RNN 4L &
Gen] LM BT SCfE BB BT SR, {H 2 RNN
N AR i 4t 2 B AR % 1 A AR AR R B
Adavanne %57 B H TS5 A CNN AR 75 19 RRAF 42 HURE
JIHTRNN [y A5 E 7 48 B PR A 22 R 4% (
Convolution Recurrent Neural Networks, CRNN ), i%
P25 LL Bl ffi F CNN R RNN BECR BAF, TAF R,
TE ST 7 S PRI A BF 58 158 B8+, CRNN S 3
FH—Fh 2

T AN RIZE Y 75 S BAT AN [ AR AE , f 4
R 1) A3 RUBE &6l FH B — RUBE i) 4 B HE LA
VERCA R A g™ O T Ak A ),
FEENE T 4R 4k, Zhang 261 it B REEA
FRZEBEZERIS CNN AIRJZFI R JZARAE K CNN 2
FIRYFAER 2] RNN P b7 gf— 20 By i [ R AE 57 2T
Koh %5 RHIE 4 7 M MERRIZ T T CRNN K 2 )2
RNN fai tH ARAE 20 bR AR SR )Z RNN it 45
AEHEA RS ;s Kim 55 F T RRAE 4 38 A1 0K
RNN 3 °4 Transformer gﬁ@%ﬁ, Zhang fff“ﬂ FH 4
HBAAF PR IFAT CNN, A B 2t
RIS IBCE Z2 A HE B8 TR B
RN 2R 58 ; Tang SRR 2 RO 5k 22 B g IR
2 B 2% ( Multi — Scale Residual Convolutional
Recurrent Neural Network, MS—RCRNN) , 1% M 4% 7F
CRNN FR3ER oS 1B 3x3 BZ I 2El
FRZEP BN EXGIN T — NERREINN 5 1533
Zheng %' E RCRNN JERll_F 38 ke B A% 25 BUS e |
FHEE T LR 7 AR By 2 B YRR, A
SN HR G AN R B IE R . XU RE—E R
JE EARTE TR AR AR RE (0 Z0WE TR P
o BRI BN JE 1 [R) R

AR ) 2 RUEE 25 B AR B ik 2= B R 3
125 B 2% ( Multi — Scale Strip Convolution Attention

Residual Convolutional Recurrent Neural Network,
MSSCA-RCRNN) 7£ — & #2 2 b 2l ib 1 4 i 75

1425 55 R IFRFE SR BOR JE 1Y [R] 8T, MSSCA-RCRNN
HI7E RCRNN 197 )2 3x3 B BUS I MSSCA ik,
MSSCA BB it 224> 73 S 416 7 5 A A ) L
T SCREAE [RGB VG FEAS [/ RUBE (9 7 & 4%,
TR A G HAAEMALS , ST LM RRTER
FHICER (RIS S ) O TSRO SCHHIE , A SCR
FHPIASTR BE 25 45 B 1 Ry A% 25 B A 2 b 72
T35, — PR I [] = A5 0 B 25 4l 1] 4 Jm)
WAL SF T 1%, (ATAR Y AT) 9K O T I ] A 1 7 i =
RS 75 B R RRE RIS T I, il AR
I T A R B AL, 7EK P FEE 5 ) E
RE BT UFER SR S 2 8] HE 2, DT

1 ETF MSSCA W= EFEHEN

1.1 REIHEZ

A SCHR HAY MSSCA-RCRNN HEZRNIA 1 iz,
2 LIS BUME IR (Mel) S ARRAE , 2643 3 356
I3 REAE SR IBORE B | I [] 6 A e DA R 5 17 e S A
Yo FOESE U PR A 38 1 e AR 5 A
MSSCA 5% 2545 U 41 1, MSSCA 5% 22 % Fl B R H
22 NUBE S5ty 45 R RN B 25 45 /) | B A% T 2 b B2 R
AR ISHIUREAE | I 00/ JBE VA R [R) A, I [R] 2 £
LR AN X)) 45 06 B A 22 X 2% ( Gate Recurrent
Units, GRU) ¥4 1%, FH T2 2 & i S5 AR DG B A5
B F R R A 2 42 R A, TR
TR A 5 Ry e 2 AR 2%

XEL
Mel B o MSSCA  MSSCA MSSCA  MSSCA  MSSCA
o5 % O®m O®m om oz M =
PR r 2 2 2 F om ko
T T S T 1
Bow BB g g g ORU
BB om B g Jz
T M
R ek

E 1 MSSCA-RCRNN {EZ2[E]
Fig. 1 Framework of MSSCA-RCRNN
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Fig. 2 Framework of MSSCA residual convolution block
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Fig. 3 Framework of Criss—cross Attention
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Table 1 Number of samples of each type of sound event in strong

label dataset that is less than 0.3 s
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Table 2 Detection results of various sound events by four models

CRNN MSSC-RCRNN MS-RCRNN SK-RCRNN[#
P

F1/ % ER F1/ % ER F1/ % ER F1/ % ER
Alarm 46.2 0.91 44.9 0. 94 41.5 1.06 43.310 0.95
Speech 53.8 0.82 59.0 0.74 55.1 0.80 57 0.78
Dog 26.7 1.24 32.8 1.21 24.4 1.31 27.60 1.34
Dishes 23.9 1.33 30.3 0.99 28.4 1.17 32.90 1.17
Cat 34.5 1.30 42.4 1. 14 47.8 1.01 43.610 0.95
Electric 50.0 1.02 49.7 1.31 45.3 1.26 51.90 1.17
Frying 23.8 1.69 41.5 1.53 43.9 1.28 43.20 1.34
Running  35.8 1.15 40.9 1.01 38.6 1.18 43.10 0.99
Blender 40.7 1.09 38.3 1.37 40.0 1.28 35.40 1.55
Vacuum 53.9 0.89 55.1 1.05 43.8 1.42 53.60 0.98
Overall 38.9 1. 14 43.5 1. 14 43.84 1.00 43.18 115
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Table 3 PSDS, number of parameters, and computational complexity for four types of models

LAY PSDSI PSDS2 PSDS1+PSDS2 ZHE/M HREAE/G
CRNN 0.336 0.536 0.872
MSCA-RCRNN 0.379 0.572 0.927 1.2 48.6
MS-RCRNN 0.362 0. 559 0.921 3.2 165.3
SK-RCRNN"! 0. 355 0.532 0. 887 1.3 54.1
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B, Hop SCEk[ 18] 51 ARSI BF 5 B (SE _
TFA) 5 SCHR[ 19 1 F IFA7 45 #4 4 B ] - 31 238 4 B AL

il , I K 18 4 1% 45 M 1 ( Parallel _TFA) ; SCHk
[20 ] WAl AT 454 (A AR L B AL R 1, T 2
L XoF I R 4 B RN R 4E R AT T 4 R i Ak
(TFA) . AFREZEHLEIE PSDS 1553 S8 VL K
THHEEZENR 4,

AFR 4 AT I A b 8 SO R AR A Y P
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Table 4 PSDS, number of parameters, and computational complexity for different attention mechanisms

=Lkl PSDS1 PSDS2 PSDS1 + PSDS2 MMz iIHRERE(G)
SE_TFA!'®] 0.365 0.582 0.927 +0 48. 14
Parallel_TFA!"’ 0.356 0.556 0.912 +581 48.18
TFA! 0. 361 0.563 0.924 +1 162 48.26
SE_TFA!'®] 0.379 0.572 0.951 +837 888 51.45
TR R 0.383 0.572 0.955 +97 183 49.15

x5 +FITXNEEM TFA MEEEEE4HHRNER

Table 5 Detection results of various sound events for Cross—Cross Attention and TFA

TR TFA Y TR
S
F1/ % ER F1/ % ER F1/ % ER

Alarm 47.1 0.96 44.2 0.93 44.9 0.94
Speech 53.0 0.85 57.6 0.77 59.0 0.74
Dishes 31.1 1.18 27.6 1.10 30.3 0.99
Dog 34.5 1.12 32.8 1.17 32.8 1.21

Cat 43.6 0.95 42.6 1.18 42.4 1. 14
Electric 51.0 1.12 53.1 1.17 49.7 1.31
Frying 44.3 1.36 41.5 1.35 41.5 1.53
Running water 44.4 1.05 41.0 1.05 40.9 1.01
Blender 38.4 1.47 43.6 1.21 38.3 1.37
Vacuum cleaner 54.7 0.99 54.80 1.08 53.1 1.05
Overall 44.3 1.04 43.86 1.10 43.5 1. 14
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BRI RE 7 Y [a) R B T 2 RO S B AL
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