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Abstract: With increasing devices supporting the recording of binaural audios, binaural audio processing methods
become a field of possible exploration in acoustic scene classification (ASC). Therefore, we would like to investigate the
primary ambient extraction (PAE), a binaural audio processing method which decomposes a binaural audio sample into
four channels using the phase information. Features carrying binaural phase information were therefore extracted. An
ensemble of convolution neural networks (CNNs) was adopted as the classifier. Compared to existing works, the ASC
system proposed in this paper can generate features with additional phase information and make full use of the
advantages of binaural audios. The evaluation results validate that the performance of our ASC system can be improved
by taking the binaural phase information into account. Our ASC system outperforms the baseline system provide by the
2019 IEEE AASP Challenge Detection and Classification of Acoustic Scenes and Events (DCASE) by 18.3% in terms of
the classification accuracy.
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Fig. 1 Geometric representation of PAE in a complex plane
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Fig.2 Mel frequency filter bank
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tab. 1 CNN structure for raw features
N 431x128x1 B 431x128>2 Y 431x128>4
77 Conv2D (pad=1, stride=1)-32-BN-ReLU
77 Conv2D (pad=1, stride=1)-32-BN-ReLU
2>2 MaxPooling2D
3>3 Conv2D (pad=1, stride=1)-64-BN-ReLU
3>3 Conv2D (pad=1, stride=1)-64-BN-ReLU
2>2 MaxPooling2D
3>3 Conv2D (pad=1, stride=1)-128-BN-ReLU
3>3 Conv2D (pad=1, stride=1)-128-BN-ReLU
5>5 MaxPooling2D
3>3 Conv2D (pad=1, stride=1)-256-BN-ReLU
3>3 Conv2D (pad=1, stride=1)-256-BN-ReLU
GlobalAveragePooling2D

Dense (512, activation="relu’)

Dense (10, activation='softmax’)
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tab. 2 CNN structure for cropped features
N 129%128x1 B 129%128>2 Y, 129x128>4
3>3 Conv2D (pad=1, stride=1)-32-BN-ReLU
3>3 Conv2D (pad=1, stride=1)-32-BN-ReLU
2>2 MaxPooling2D
3>3 Conv2D (pad=1, stride=1)-64-BN-ReLU
3>3 Conv2D (pad=1, stride=1)-64-BN-ReLU
2>2 MaxPooling2D
3>3 Conv2D (pad=1, stride=1)-128-BN-ReLU
3>3 Conv2D (pad=1, stride=1)-128-BN-ReLU
5>5 MaxPooling2D
3>3 Conv2D (pad=1, stride=1)-256-BN-ReLU
3>3 Conv2D (pad=1, stride=1)-256-BN-ReL.U
GlobalAveragePooling2D

Dense (512, activation="relu’)

Dense (10, activation='softmax’)
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Fig. 3  Architecture of proposed ASC system

5.2 INEGRE

BRI R EEE S AR M I R AT ISR, SR E @ YA A AT IR VAL . T
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SEIGREAS S Intel(R) Core(TM) i5-9600K CPU (3.70GHz). 64 GB Y f¥. Nvidia GeForce RTX 2070 GPU,
AR EE N Windows10 1809 #4t, Python3.6.8. Tensorflow1.8.0. Keras2.2.2.
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B, il R PN BELIE R AR s LAIL S B R R 4. BELAS S A1 Beta 43 1iiBe(0,0) o
NS H oI TN, BRSO ) (=] )5 2 256 KU iz /MY (Empirical Risk Minimization, ERM) 201,

6 SCIGLER
6.1 AEHHEZEIAIXTEE

BATEE A A5 R E IR T AR T43 2588, EATTME— P 22 Sl 76 5 N SRR IE P 38 BORN sz B 1 K
AN, AR E [ i BEN LR TR EL T 4 BRI ZR B R 2 7 3R, BJR PP RS 3 Fian. X
B 5 R 1 RRAS 58 4 mT 0 H T R s SRV TR .

B3 TARB AR

tab. 3 The classification accuracies of sub-classifiers

o 1 I N1
Wl sl ol
CNN-1(F i iH) 0.743  0.751  0.663
CNN-2(@EERY) 0771 0.779  0.677
CNN-3(XLiliE) 0.721  0.731  0.575
CNN-4(XCEEHY)  0.758  0.769  0.630
CNN-5(VY @) 0.734  0.742  0.610

SES

CNN-6(JUIEEHYT) 0759 0771  0.632
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PSR AL B
6.2 HRLGMEREXTEE
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tab. 4 The classification accuracies of ASC system

BRLEE/IES
TFREAEEITTHE  HAT B (Kaggl
DERSE ' TRRRERED g e eaem)
s Ba Rm ATF N B 3 i CL ARH
Bl R Wbl HETEY HETEE (9S%EEXIAD LAl Wt
BE&RS% 0.625 0.648  0.438 0.643 0.630  0.633(0.622~0.645)  0.667 0.461
HEBP AR S / / / 0.775 0.765  0.762(0.752~0.772) 0.775 0.696
RF1234 0.772  0.780  0.682 0.833 0.806  0.812(0.803~0.821)  0.834 0.698

Averagingi,2,3,4,5,6 0.778  0.785  0.693 0.830 0.808 0.799(0.789~0.808) 0.822 0.681

,,,,,

RF123456 0.778 0.788  0.674 0.840 0.806 0.816(0.807~0.825) 0.838 0.707
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