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Automatic classification of acoustic scene based on neural network
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Abstract: Acoustic scene detection and automatic classification can help human beings to make correct strate-
gies in specific environments, which indicates great research values. With the development of convolutional
neural networks (CNN), a large number of CNN-based acoustic scene classification methods emerge. Espe-
cially, the temporal-spectral CNN (TS-CNN) which adapts the temporal-spectral attention module, is one of
the best methods for the classification of acoustic scenes at present. In order to further improve the acoustic
scene classification ability of the neural network without changing the complexity, in this paper, we proposed a
new temporal-spectral CNN model which was based on the collaborative learning method (TSCNN-CL) More
specifically, first, we established the auxiliary branches based on the isomorphism to participate in the network
training. Second, we adopt a collaborative loss function based on KL divergence to realize the knowledge col-
laboration between the branches and the trunk. Finally, in the testing process, only the network trunk was used
to predict the results, leading to the invariant amount of inference calculation. Comprehensive experiments
on ESC-10, ESC-50, and UrbanSound8k datasets showed that the classification performance of TSCNN-CL
model outperformed the T'S-CNN model and even had compelling advantages in comparison with some other
state-of-art models.
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Fig. 4 Comparison of loss changes in TSCNN-CL and TS-CNN models during the training process



378 ,ﬁﬁ]ﬁ";’

2022 £ 5 H

H 47 LA H, 78 TSCNN-CL Il Zxid #2 H,
1E1%:4X 10 Epoch 2 i Il 25 52 F1 56 1IE 5 1 32 2 15
0.14 J3E T [%, 7£ 10 Epoch #130 Epoch 2 [d] 151 2%
bR 2218 N BE, 40 Epoch 2 5 3 B W T
FRa, HARRAE0.015. TR 0958 UF 48 24 A
AFIVN GREEREAA R, AN B A 50 UF I 457 R ABL A
20 Epoch /e A AF1EE . A, £5 TSCNN )t
AT LAE Y, TSCNN-CL 453 2% o $i il 28 4040
I~ eSO v
4.4 BRXEZHTHER

NIGAIE 2 43 SCH )2 S B 30, AR S0y BITE
A DL B AN C AL G| H FA B R 23 Sk AT ik, B 5
I3 A FEIR T XL 3 ML s I 28 S5 04 o AN RN £ 57
IR A R R IERR R 1 s, MR 1AL
B, 5 SO R A B AR AT, 4 PR R LT . IX
2 DR A AE P 285 1R I 2t 72 r B 5 32 AR IR B 388 o
CNN R E R ERZSHN BB T P&, |

XA EWE R E MR EE OB 8 T
LR, i RRIRE T — MR st e,
BARM L PRt T R E MR A R R R
Sy BIIN R, T R A R A 15 2R T
TSCNN-CL M id i %) 4 (19 35 52 a8 i vk 7] 43 32
AR ST I S, AT i 7 FL8 R AE 1
5, [RIHIEER T W41 g

#x1 AR ZZERIEELERELER
Table 1 Comparison of experimental re-

sults among different branches

(B %)

Model ESC-10 ESC-50 UrbanSound8k
TSCNN-CL-A 92.20 83.60 83.70
TSCNN-CL-B 92.30 83.70 83.80
TSCNN-CL-C 92.80 83.90 84.00
TSCNN-CL-BC  93.50 84.60 84.50
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Fig. 5 The frameworks of different branches
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