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ABSTRACT

The explosion of data due to the improvement of sensor technology and computing performance has become the basis for analyzing the
situation in the industrial fields, and various attempts to detect events based on such data are increasing recently. In particular, sound
signals collected from sensors are used as important information to classify events in various application fields as an advantage of
efficiently collecting field information at a relatively low cost. However, the performance of sound-event classification in the field cannot
be guaranteed if noise can not be removed. That is, in order to implement a system that can be practically applied, robust performance
should be guaranteed even in various noise conditions. In this study, we propose a system that can classify the sound event after
generating the enhanced sound signal based on the deep learning algorithm. Especially, to remove noise from the sound signal itself, the
enhanced sound data against the noise is generated using SEGAN applied to the GAN with a VAE technique. Then, an end-to-end based
sound-event classification system is designed to classify the sound events using the enhanced sound signal as input data of CNN
structure without a data conversion process. The performance of the proposed method was verified experimentally using sound data
obtained from the industrial field, and the fl score of 99.29% (railway industry) and 97.80% (livestock industry) was confirmed.
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Fig. 1. Overall Structure of the Proposed Method
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Table 1. Basic Statistics of Environmental Noise on Railway Point Machine Sound Data
Bird chirping Helicopter Wind Rain
SNR (dB) 38.1146 14.5317 11.332 84212
Mean intensity (dB) -15x10° 42x10°° -1.9x107° -1.3x10°
Max intensity (dB) 0.0097 0.2429 0.2849 0.2560
Min intensity (dB) -0.0103 -0.2724 -0.2559 -0.2863
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Table 2. Results of Similarity Measurement Between Noisy Signal and Enhanced Signal on Railway Sound Data

Noise PESQ SSNR Cosine Similarity
Conditions Noisy Enhanced Noisy Enhanced Noisy Enhanced
SNR 18 2.7846 3.1730 9.0236 10.9763 0.9576 0.9569
SNR 15 25745 3.0900 87471 10.3493 0.9952 0.9549
SNR 12 2.3140 2.9896 8.1101 9.6238 0.9406 0.9513
SNR 9 2.0221 2.8761 72477 8.8156 09114 0.9465
SNR 6 2.1151 27318 6.5046 7.7625 0.8940 0.9384
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Wind 1.9684 2.0310 2.9315 4.6440 0.8519 0.8828
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Average 2.2344 2.8348 6.7388 8.1795 0.9013 0.9303
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Fig. 3. F1 Score of the Proposed Method on Railway Sound Data Under Various Noise Conditions
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Table 3. Basic Statistics of Environmental Noise on
Porcine Sound Data

Weak Radio Strong Door
footstep | Operation | footstep Opening

SNR (dB) 9.1172 8.7971 7.4681 4.6820

. Mean 90x105 | -95x10° | -1.1x10° | -37x10° (a) Raw waveform (noise-free)
intensity (dB) .

Max intensity
(dB)

Min intensity

(dB)

0.4594 0.3682 0.9198 0.8978

-0.5862 -0.3615 -0.9794 -0.8593

2) A4 9 A3 B4 (b) Noise-synthesized signal (SNR 0)

A3k Al %?f& ialo e AA

A3l 24 sk Al B 59 S 41489 (a)ddA A

e g3t FAsH Astel Aasanh g 2 YA

o s S8 AR dlelE= fheel 4 O]Z] & dlold (c) Noise enhanced signal (SNR 0)
(T107h)sk A 25(SNR 18, 12, 6, 003+ 24 35 (weak Fig. 4. Sample Waveform and Spectrogram of
footstep, radio operation, strong footstep, door opening)< ©] Porcine Sound Data

F 87H) 2 5% % delg

24743k (710
7 x 8744 & 4% = 5,680). Fig. 3 =

=
deol SRR d gool AAR A5g ARB KARS o) AxE
o

< s
A2 5 A%, SNR 09] #&o] 9 &% A%, 4925 g5k} narg Uj-§-2 Table 40 7]&38k4ie Alkat Al
ol gEo] Alojsol FFE F Asol i FF(AF) 2} ol o} AHE FHE SF A57F A8 FF A5t
A Eg IR (S 8E) i3 dAolth Fig. 29+ fAHaHA, FAREZE O 28 RS Ao 28 5 drh
Fig. 4ol A &= A bsh= Al2gle] efsf SNR 00] §H == Al
39 FEo] A7 Eol A& NSl FASHA A7t WAE b) 77 g5 H A #4
Ae AAH o Qg + gk HA7F W= 53 oWMES FY2E T/t Hato], F
T go] A9 Aset YEAY FAE S Al 9 ol §l= H#HA £F A5 ) = 7100 E 7IvHC.E Fig
Table 4. Results of Similarity Measurement Between Noisy Signal and Enhanced Signal on Porcine Sound Data
Noise PESQ SSNR Cosine Similarity
Conditions Noisy Enhanced Noisy Enhanced Noisy Enhanced
SNR 18 2.9561 2.9976 11.2147 14.3308 0.9542 0.9679
SNR 15 2.7266 2.7554 9.0179 12.3902 0.9493 0.9457
SNR 12 2.6050 2.6716 8.3915 11.1479 0.9433 0.9409
SNR 9 2.3262 2.5446 6.6020 9.5986 09144 0.9322
SNR 6 2.1906 2.2841 5.7431 7.8063 0.8957 0.9147
SNR 3 17752 1.9841 3.3496 5.7769 0.8187 0.8803
SNR 0 1.4642 1.6588 1.3324 3.9195 0.7107 0.8266
Weak footstep 1.8162 2.2533 74384 11.214 0.8927 0.9378
Radio operation 17227 2.3839 7.2869 12.096 0.8968 0.9401
Strong footstep 1.4915 1.9140 6.3268 5.3288 0.8805 0.8709
Door opening 1.3452 2.0364 4.8875 9.4716 0.8121 0.9146
Average 2.0381 23172 6.5083 9.3710 0.8789 0.9156
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Table 5. Quantitative and Qualitative Comparison Analysis Between the Proposed Method and Other Methods

Proposed method

Choi et al.[12]

Sharan et al.[20]

Data generation and augmentation O X X
Noise filtering @) x x
Data preprocessing X Linear trm§fomation, Spectrogram
Normalization
Feature extraction CNN DNS Modulation and MFCC
(End-to-end) CNN SVM

Data input type

Raw waveform

Texture image

Feature vector

Execution Railway 3.1696 43141 56012
time Livestock 0.8374 1.4881 2.9685
Railway 0.9929 09830 05464

F1 score
Livestock 0.9780 0.9657 0.8230
Standard Railway 0.0052 0.0063 0.3081
deviation Livestock 0.0195 0.0416 0.0700

o Wt o |m & e
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