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ABSTRACT: This paper presents the effect of the feature extraction methods used in the audio preprocessing on
the classification performance of the Convolutional Neural Networks (CNN). We extract mel spectrogram, log
mel spectrogram, Mel Frequency Cepstral Coefficient (MFCC), and delta MFCC from the UrbanSound8K
dataset, which is widely used in environmental sound classification studies. Then we scale the data to 3
distributions. Using the data, we test four CNNs, VGG16, and MobileNetV2 networks for performance
assessment according to the audio features and scaling. The highest recognition rate is achieved when using the
unscaled log mel spectrum as the audio features. Although this result is not appropriate for all audio recognition
problems but is useful for classifying the environmental sounds included in the Urbansound8K.
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Table 1. The sound classes and number of audio clips
in the UrbanSound8K dataset.

classID Sound class Number of clips
0 air_conditioner 1,000
1 car_horn 429
2 children_playing 1,000
3 dog_bark 1,000
4 drilling 1,000
5 engine_idling 1,000
6 gun_shot 374
7 jackhammer 1,000
8 siren 929
9 street_music 1,000




* MFCC & AMFCC

i

£ Z0l|= librosa 2to] B 2|l o]
815100 A4 L chist Uk WA 4 &
&) )29} ok at ¢ Wo] kv wio}

LS A=Y

2
mln

Helest ExfElo] Qo mE
o5 2050 Hyo] 78 o]l 2 gl thg.0
27} 802 46.4ms 9] YIS TR 2 0% 35}
v 5 174702) QS ek, 7k T 128
M| s o 2| S A ASto] 128 x 174 51 7]2) )
A3 279 glo] S 229t}

29 AdEZ IO Eq ()T Zo| @ AHE
0] 5k9] Sofl 2712 23 B A gho.2 vigkstol
Tt}

S
S, = 101ogg (?f) Q)]

ol 7]& 4k ref= 1.0, max 12} 3l median 37} A= A}
Gotdith a2 W AYER T HloE A
7= 128 x 1740t}

MFCC= 54 9 22 A 2] Zofoll A g2 A
e SACR & Aol 2 = B 40719
AeE ARg-ste] 23kl o] m MFCC At 2+
N AMEEl= 20 8 AU ERS refgho] Wt g
2] T4 5 3F-9] MFCCHEE 311t MFCC H|
o] E] 9] Z7]%=40 x 1740]}.

AMFCCHE=MFCC A|4=2] W slgFo|m, MFCCL}
A ARESE T A ES Eole B Uk & =
ol A= MFCC2F AMFCCE 31uto] v & gt
5to] 80 x 174 71 o] Hlo|H & Y& Ho|H = 4
5F3Ich Fig. 12 ref = median¢] 79~ dlo] e Allo] 2

e B 5 i e vl 145

Mel spectrum Log-mel spectrum
(128 x 174) (128 x 174)
A ;
e sages E erSrE T
MECC MFCC & AMFCC
(80 x 174)

(40 x 174)

Fig. 1. Extracted audio features of a “dog_bark” sound.
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Table 2. The architecture of CNN models.
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Table 3. The average 10-fold test accuracy of MFCC
according to the ‘ref’.

o Modell \N1 | oNNz | ONN3 | ONNG | Average

1.0 63.7% | 63.8% | 61.9% | 65.7% | 63.8%

max 63.7% | 61.9% | 60.9% | 65.0% | 62.9%

median | 64.4% | 65.4% | 63.2% | 66.7% | 64.9%

No. Architecture

Conv2D (64, 3, ST=2), BN, DO (0.4)
Conv2D (64, 3, ST =2), BN, MP (2), DO (0.4)
Conv2D (32, 3, ST=2), BN, DO (0.4)

CNNI1 |Conv2D (32, 3, ST=2), BN, DO (0.4)

Dense (2048), BN, DO (0.5)

Dense (2048), BN, DO (0.5)

Dense (10), softmax

Conv2D (32, 3, ST=2), BN

Conv2D (32, 3, ST=2), BN, MP (2), DO (0.5)
Conv2D (64, 3, ST=2), BN

Conv2D (64, 3, ST=2), BN, DO (0.5)

Dense (1024), BN, tanh

Dense (10), softmax

CNN2

Conv2D (32, 3, ST=2), BN

Conv2D (32, 3, ST=2), BN, DO (0.5)
Conv2D (64, 3, ST=2), BN

Conv2D (64, 3, ST=2), BN, DO (0.5)
Conv2D (128, 3, ST=2), BN, DO (0.5)
Dense (1024), BN, tanh, DO (0.5)
Dense (1024), BN, tanh

Dense (10), softmax

CNN3

Conv2D (64, 3,ST=1), BN

Conv2D (64, 3, ST=1), BN, MP (2), DO (0.5)
Conv2D (64, 3, ST=2), BN

CNN4 |Conv2D (64, 3, ST=2), BN, DO (0.5)

Dense (1024), BN, DO (0.5)

Dense (1024), BN

Dense (10), softmax
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Fig. 2. Z-score distributions of the MFCC data
according to the ‘ref’ parameter (a) ref = 1.0 (b) ref
= max (c) ref = median.
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Table 4. The average 10-fold test accuracy according
to the features.

Modell -\\1 | oNN2 | ONNB | ONN4 | Average
Feature
mel
58.8% | 24.1% | 23.3% | 27.9% | 33.5%
spectrum
logmel 1 o 30/ 70,09 | 69.6% | 69.2% | 69.0%
spectrum
MFCC | 64.4% | 654% | 63.2% | 66.7% | 64.9%
IXFN%C% 67.4% | 682 % | 66.8% | 69.9% | 68.1%
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Table 5. The average 10-fold test accuracy of CNN
according to the scaling.

Scaling No scalin Standard | Minmax
Features e scaling scaling
mel spectrum 33.5% 62.9 % 349 %

log-mel spectrum 69.0 % 66.2 % 64.8 %
MFCC (ref=1.0) 63.8% 60.0 % 59.5 %
MFCC (ref = max) 62.9% 60.7 % 52.8%
MFCC (ref =median)| 64.9 % 60.8 % 58.1%
MFCC&AMECC 68.1 % 66.0 % 60.6 %
Average 60.4 % 62.8 % 55.1%
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Table 6. The average 10-fold test accuracy of VGG16
and MobileNetV2.

Features Modell  yGGi6 | MobileNetv2
mel spectrum 71.6 % 64.2%
log mel spectrum 77.7% 75.6 %
MEFCC (ref = median) 69.7 % 69.0 %
MFCC&AMFCC 69.5 % 71.9 %
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