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Abstract At present,most of the research on sound recognition and detection is based on the datasets with strong labels. Howe-
ver,in real-world sound recognition and detection tasks,it is difficult to obtain strong label audio data due to incomplete audio la-
bels with a large amount of noise, which in turn affects the accuracy of sound identification and detection. To this end.a multi-
scale attention fusion mechanism is proposed based on the convolutional cyclic neural network model. This mechanism uses the at-
tention gating unit to make more use of the effective features while reducing the effects of noise in the sound time-frequency map
features. At the same time,feature fusion is performed by combining convolution kernels of multiple sizes to further improve the
effective extraction of sound features. In addition, the sound signal is identified by a weighting method that combines the results of
the frame detection. Finally,using the proposed model,a weak labeled data set containing 17 kinds of urban vehicle sounds is se-
lected from the AudioSet database for detection and identification in the weak label environment. For the test set,the F1 value of
sound recognition result is 58. 9% ,and the F1 value of detection result is 43. 7%. The simulation experiments show that the
CRNN baseline model used in this paper is more accurate than the traditional sound recognition detection model under the weakly
labeled city vehicle sound datasets. And the methods involved in the paper,such as the importance weighted recognition method
and multi-scale attention fusion method,can improve the accuracy of the model for sound recognition and detection.

Keywords Weak label, Multi-scale, Attention,Sound recognition,Sound detection

_— ARAMERLSL » PR A 25 5 000 b A S AR 25 e — BB L 3R
B AR, R 7 SEBRER A vh A 1 H 4 D B A B 45 TS 25

e B 75 B R AR i () — S SEAR BRI R SR P AE HTE AR A B 3 AT IR BT N S bR R L AR A
AR IEWE A E A0 . (R AL R BT b X MRS BB R R RS AT (R AR A S S R

il

FU5 B $1:2019-09-16 3R H#1:2020-01-07  ASCEIMATFHRR R (OSID) 35 2 L0 — e 3R BUR 7215 B

BATH  H K A RFE A (51675425) 5 BRVE 4 & 40 & 14 (2018SF-365)

This work was supported by the National Natural Science Foundation of China (51675425) and Key Research Program of Shaanxi Province,China
(2018SF-365).

EEVEE 1B (weijuan@xidian. edu. cn)



AT, 45 S AR A PRET T 28 T 20 RV R 0 Al B 7 TR AR T 121

DA TP R A T R R N T R — A
EHEIETTIN] . S9PR 4 I BE A% O AT 55 S X — Bl A AT
AR 0, 9K 5 % HC AT 4R 00 5 A 0 0 R e T R — 2
IR A R 7 R R AR SRS

B N T RE Y DU & T R A S W T S AR
PREE T 5 5 IR0 S A0, SCRC7 , 11 1 B 45 151 ( Time-Log-
meD) V5 0 JF IR FRAE 4 A 4 BUBl 22 [ 2% (Convolutional Neural
Network, CNN) , A b B £ it A 5 450450 335 P41 g JRp AiE X 7l 488
AE 5 o 7 U 55 e ) S8R A B B T . SOk 12-13 T LA g
& Ry FRAE  WF5E T 4 R 26 44 22 W 4% (Convolutional Recurrent
Neural Network, CRNN) 7 55 7 25 #5855 T X% 75 2 157U 19 1 6E
BRI CRNN X 75 5 i R 8O A L CNN BERLE T4 KRR T,
SCHRC 14 TEL CRNN S SRRl B AL WF 58 T — B e v 1145 B 00 L 78
559 00 48 PR T TE 75 5 IR 5 A Ty TR TR IR

Xof T B A3, I A5 ] [ R, 5 I AU 0 £ L B
sk 00 R A1 B 3 5 T 75 o R TR S A . B SOkt R
A4 B A I P AR SRy i A\ AT % ) B TE S AR S IR T L IR AR
AR A A O R T LN MRS LR HE L 4R
WA B ZRFAE . e AR SR I T — 2 RUE T & ) fib
GIEMHERENITERTTER AN -2 EEWN
LBl o A0 A5 19 205 20 /) M 755 W) 1Y [R) I 36 BB T 22 1l R T A AL
FHIE. A FEFRUZ rhiil i 4 1A 8 K/ 9 46 B R 4T 45
TREN G fd A 22 0 46 2 5] B Y FRAE S8 2 0 b, R T 35 75 & 1R
VAIRSE SRl k€ i

2 ML

CNN & FH T $i JCAF 531 el o 0 3ol Fr) 28 J2 AR A o 478 A A 22 1Y
2% (Recurrent Neural Network, RNN) 7] DL 38 43 ] I B 4 [ o
R 38 1) A DG L T AR SO A CRNN B — 38 i M 25 6
WL TR . A R AR B A CNIN 3 3 22 Y 45 B
F A A B 5 GURFAE o B IZCRAE B A RNIN, g5 2458 3 T 45t
2P 2% (Feedforward Neural Network, FNN)45 %] RNN
A — > I i) 38 ) 0 4

RNN

Pl 1 CRNN #8254
Fig. 1 CRNN model structure

CRNN R iy H A 7

X=CNN(D 1
h,=RNN(z,),t=1,2,3,-*,N (2)
p=FNN,),t=1,2,3,-*,N (3)

Hodr, T 2% A CNN B451F, X 2 CNN A% 1, =, y RNN
Ff A — A I ) B B A LR, S RNIN HR A — 4> I ) 38 7 i o1
p. R, BiE FNN J5 @9 %, N S RNN AR R R0 50,
3 SREFEABMEMEFTIRANEN

3.1 EREFEME
TESS AR T YNGR 4 5 00 b B0 7 3 S0 i B g

PRI, A S BN B4 B X I B I AR I
Ji s FEAHRERRAE H i /NS, T TR AR A3 S MR TR
P R e I 53T 1 A AL CNIN K X DL 27 > B AL B R AE . R
1 32 HORE T R AL S 2 RO BT Rl & R 48 v A
A U T ROCR

IR A HLHDE RS A CNN Host 35 BUER 1 ) 19 R AE [
I3 AT WA [ 300 PR 38 B, — A sigmoid BT PR
B —A T relu B KA L O T B R M. sigmoid
A AR I0, RS B MRS X Tl relu
B AE PR, 24 1] 458 B T B0 R 1 W R A A ¥4 2 2 1l
TR ERHEEZ G R SROS E T 0 WA R RRIE 3 2 2
WeAWE . 75 2, CNN [ 2608 2 22 W% JE 5 A7 J2, 1 38 5G i AR AiE
PR o o O 0 2% 2 ) B TE A SR AR . AR AIE 2 %

B £ BE SR B o 3K AT PR R — R 3B i R ML T T
5 SLH
Y=relu(w* x+b)°6(v*x+c) (4)

Horrrelu AR LA WU B EL 0 J2 sigmoid JE £8P B0 B 4L
SJEBICR A ; * ST B TIRAE s w Mo SE BB E S
b M MBS TE5 — 2 00 AL, 78 At 2 4% 3 47
HER L,

5 % inception 2544 Y Q1H AR 78 11 B ALY
SR FAE A 2 REBREG 7k A B 2 s,

185 relu
1*1% 8
sigmoid
3%

ﬁ 33HT
sigmoid

5*5HEA relu
5*5% 1
sigmoid

2 Z R A AL
Fig. 2 Multi-scale attention fusion mechanism
X CNN fig g —B 2T 1+ 1 SR AR5 Y, .
Y, =relu(w, * 2+0b,)°0(v, * x+c;) (5)
Hbow Moo B2 1x1 BREWNKESH. 00 fl o, K
1 1 A5 TR O 5
Xt CNN Hrfg— & BUZ S0 56 A 3« 3 /9 5 B 15 Bl i

relu

Y;=relu(w; * x+b;)0(vs * x+c3) (6)
Hr,ws Flog J&2 3% 3 BRBMNESE 0, e, B3*3 5K
TRAZHY i

X CNN g — 240 B 5 « 5 1B A% 15 3 4
HYs:

Y; =reluCws * x+0b;)°0(vs * x+¢5) 7
Horf oo Fllog 02 5% 5 BRI ESE b Flc; N5 x5 %
TRAZ B0

XY L.Ys ALY #EATRNG A5 B A

Y=concat(Y,,Y;,Y;) ®
HAr, concat () N FEAE EIPFEHRAE .

AN TR RS A 2 FR A% 0T DL 2 ) B ) RUBE Y 3% )2 3 AE i



122 Computer Science THEHLEIZ  Vol. 47.No. 5. May 2020
I] 45 BT ] DL BE A B AR AR R A A A T LIAR F) B, 38 It CNN 4R I 450 ] 1Y) 5 94 AiE I 4 o8 A RNIN, di

R A B RE
3.2 FEZRHHKN SR

T O P A AT A, S A T, 45 B AR

LN

240*64

—W
).
[

s
sigmoid
relu

Ja B RNN B9 %y i A 2 FNN, 3 2 5 sigmoid 34T & 5015
I — T (10 G 25 S o 7 A N ) 1 AR AR AR 45

mE 3 R,

oMo

o| FNN-sigmoid |—
FNN-softmax

_

CNN -sigmoid(1,1,32)
CNN1-relu(1,1,32)
CNN1-sigmoid(3,3,64)
CNN-relu(3,3,64)
CNN1-sigmoid(5,5,32)
CNN1-relu(5,5,32)

CNN2-sigmoid(1,1,32)
CNN2-relu(1,1,32)
CNN2-sigmoid(3,3,64)
CNN2-relu(3,3,64)
CNN2-sigmoid(5,5,32)
CNN2-relu(5,5,32)

Pooling(1,4) % ZBi-mnf £ ZFNN

Pl 3 i) 5 ) ML

Fig.3 Time attention mechanism

N T A MR A R i BRI SER P,
F1F 2, BB U 452 O

.
O:%ZP, 9
=1

FWR 2R ] —Fh 45 6 Witk 00 45 2R A I Bk #EAT IR . 8% FNN
16 % HH 4 ) i A\ sigmoid I softmax AN 387G BREL, S 43
Hh P M Z K 3 iR, K EZITTEME M O,

O,/'=2Z°P,,t=1,2,3,~,T 1o

Bl Xt O, A7 45 B e 0 PR 25 21

FNN £ i sigmoid 19 i th > AR 7 Wt i 35 51 45 5% 5 23
softmax AJ LA75 B 4 — Wi X A [6] 2810 51 09 3 25 R 8, o &
— 2 b E M v 0 T TG R A ER L Ol W RS T AE 43
BT /N AN TR . R X B — T U 2 R R AT AL, LR T
TR BE

4 HESERSH

4.1 RERE

SEIGHE B2 N tensorflow, keras, 2 2 & & 4 python3. 5,
P22 288893 LA tensorflow IR R HEAL  keras o THZHE 4L,
e S BAETY S5k, BAREIRINE 3 BT R . RNN 4 (i W
[ TG 3R B0 (Bi-directional Gate Recurrent Unit, GRU),
4.2 HEBSHERR

S 6 B LS 4 2 AudioSet B — > F 4N, H 8
A0 BT PR A E T B R RS i A, # it 51660 M AEAC, 17
KFEE ., BRI R 4 s, Bl 5 b i EEAR KF
SrEAIE D 10s B85, s U K AT 10s, A 51172
B RS AR A s (A 488 A& W A bR 4 L BRI A 58
B ENER,

B S B AR UEAT T AL B X T A AT R LAt
FHERY 16 000 Hzs 43 Wiy, B K BN 1024 RN B
PIMTZ [ E B 360 DR A ZOHE 105 B B4R B 240 T,
TE 53 W BERN % 240 WAy & 450 e FR 4R O (i 43y 240 T, 4K

J& X F B — WL B 64 4ERY log-mel FRIE., &, A F
A LIRS B 240 * 64 14 B 47 BURAE L

>

%
S

S A A
AR Al

s
v 2 DT SR o i i R e )3 e B

FEHHEME R SN RRES
o

b3
K

Bl 4 B bR 2 53 A 1
Fig. 4 Data label distribution

4.3 HRE5HW

YNGR AE S Bl A glort 773k 4T W1 46 4k, 34 FH adam
BRHAT AL . BHER A /N 44, 29125 40 4, B EA
100 IR, 5 2] Z& 0. 001, 11 2k pR Hh {8 38 SUH

X TR AME 55, 8 55 05 4 & M 70 %6 1 BE AR AR S Il 25
LIS RIREARME N RAESE, 5 15% MEEARME N4, Xt
F R AT 55, BLEEAH T 488 A H A s Am 45 19 4501 k4 .

{ifi Ff] Precision,Recall, F1 fll Accuracy &5 $8 5 X iR 51| 4%
REFT VAL . Forr, Precision 2 48 76 8% B 4 1E /9 T A kA
P SR SRy IERE AR 1 HE 3 Recall J2& 48 78 52 B A 1E 19 BE A
TR A IE AR A B ABE 2 5 1 F1 /2 Precision A1 Recall (4 #1345
18, )8 T L& EM 38 bR 5 Accuracy J2& Fr A T 1F 3 i A A 5
SRR EUAE . AN R B R 5 a3 1 BT,

117 FRESAR S IR RS R

Table 1 17 kinds weak labeled data set sound recognition results

o %S F1 Recall Precision Accuracy
CNN+RNN 0.570 0.571 0.570 0.926
CNN-+RNNL14] 0. 580 0.575 0.585 0.930
CNN-+RNN
0.589 0.582 0.597 0.930
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Table 2 17 kinds weak labeled data set sound detection results
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