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Environmental Sound Classification Method Based on Multilevel Residual Network

ZENG Jinfang, LI Youming, YANG Huixian, ZHANG Yu, HU Yaxin
(School of Physics and Optoelectronics, Xiang Tan University, Xiangtan 411105, China)

Abstract: To better identify and classify environmental sound, a multilevel residual network (Mul-
EnvResNet) is proposed for environmental sound classification. After time stretch and pitch shift for sound
events, the Mel-frequency cepstral coefficients (MFCCs) and their deltas are extracted as feature
parameters and sent into the Mul-EnvResNet to classify sound events. The experimental data set uses ESC-
50, Mul-EnvResNet is compared with the end-to-end convolutional neural network (EnvNet) , the
attention based convolutional recurrent neural network (ACRNN) and the unsupervised filterbank learning
using convolutional restricted Boltzmann machine (ConvRBM). The experimental results show that, Mul-
EnvResNet achieves the best accuracy rate of 89.32% in terms of classification accuracy, compared with
the above three models, the classification accuracy has been improved by 18.32%, 3.22% and 2.82%,
respectively, which also has obvious advantages compared with other sound classification methods.

Key words: environmental sound classification; multilevel residual network; time stretch; baseband stretch
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(b) Multilevel residual block

Z I N 2 8N 2 KR O 88 R R B2 T e 12 A S o) % 486 I A 3 S8 B, DT 52 i A2 78 5 28 8 )1l
GACR . BT Z YR 2E Z 5 Ny, tha] DLor Ay, YA L 4005 2 34 S 1 1 ke 25 B T A TR uf:
I, 52 1) 4% 1 25 B W ik y, B3 T 0, 08 2 I 25k 1 0 2% 0] LUEE 46 R 2577 2]y, = hy (), 72 A 6] 19 3 58 2 1
T A DNERE () RS 2T 25" Bl Mul-EnvResNet 76 24~ 5% 22 S il &
BT, R A% 78 3 R 5% 28 B N 35 4 AHZ AR AIE 1) 2t A A DA R, 0 Y 24> % 2 Bl A TR M e D)
A DL Shy 2 2] — A3 B A5 R DT PR SIEASE B 8 7 A 54 i I 2R 8UR

4 KRELERSW

TIER
AR SO A I B0 B ESC-50" e 58 i ESC AT 45 . ESC-50 $i¥ls 460 & A 2 000 A b ic B9 3R B 3
WAL 5%, 73 508 UK (B2 40 M REAS) ] 32 5 KR8 B Zh ) L A AR A ROk A AN RAE J B A
N I R s B S S K 5 s il A T ESC AR 55 19 6 ol Dl 7 7 .

FEIEAT AR BR BCZ R/, A SO & 0L SR AT T B YA B S K B2 5 s, 8 i B LK LR i
10 s (0 SR, RICKSE B0 5 400 A A0 8 B ()0 A% ARG I IR A B o 7 8 M0 5 Ak 3 40 8l A7 7E R A
BEAR BRI AR He T R B RE, Ai A I (R4 B b — S R AR e, S R X R A —
AR T VA 4 e AR IR T R A e R R DR O B AT DR AR R R AR Y — A~ RUEE AR
oo AT ECHE YA B T U R AR 1 AR A B0, BB 08 O HE DI 2 S T Y vz AL RE J7 , DA T X PR S gk
FrEhF o2,

4.1



GeF FATSBRERNLOREEFH L5 % 965

TE B AT B bR RN AT R B 2 05, S A S AT TRAL B TR AL BEALFE R U A /D i T
DA s o i 1| s R A el 1 s S R R o A S L S e el L A S B O =B 1 s N b=l e
B 1 50 1 B ST 281202 R I I TR AE B 22 050 Hz IR 00— 4R T i 60 4~ % B, I P R B MFCCs, - fif
HI Librosa(—A T35 90 35 5k 20 B 5 4k B A4 Python 55 = J7 J& , 43,8 I A5 A0 30 5 A0F 42 BCRN 22 1) 745 35 1]
TESETNHE ) B ax e B 4r F % 41 Wi d5e)a , KR U AR AR 2 47 22 40 9F S IR B MEFCCs #4731 B &
R 25 ) 2 38 38 g A (60 X41X2)
4.2 IWIFE

7RSS B 4 R 2 PR 9 1 Fl CPU S Core 15-8400, i K i GeForce GTX 1080Ti 9 IR 45 #% (11 GB 1
7)o 7F Ubuntul8.04 #:/E R Gt 1 k47 W 25 455 780 14 Y1 2 Al , 98 3 2 ) HE 42 f Keras2.2.4(— 4~ Py-
thon 4% 5 1 FF IR A T 0 2 W 2% 2, 7] LIAE A Tensorflow Fl Theano B9 & By FHFE B3 0, AT IR 2 )
LRI T R A R AT RAR S ) o R T B0 MR AR B Hp 45 AR B B A AR L AR SR 45 Bl s T OR m gE
17T ZHX BTN . A PR E S50 A9 - P, X 45 4 3R ms SR AR TR (R U 2k 2 5008 B . B A4 o 60X
41X 2, AL B /N 64, AR KRB 100, 1Ak 2% 18 F 30 & 86 B R vk, 3h o 0.9, BUEE 30 o 104,
VIG5 3 220 102, FF B W A%
4.3 KWHREHW

TE X 5% 2% W 2% #5578 EnvResNet #E 4753, %3t 1k )5
A LSTM 6 & 2 4~ 2 #: 2 (435120 1 024 #1512 4>
0 ) MO L S5, an il 3Ca) T s, ) B X 4% 22 B Y 4 4
F AT FHAS ) 09 45 BRAZ R/l L 32 56, an 81 3(b) Jir s, A

x1 FAEERMAEERZK/DOEERE
THERZE

Table 1 Accuracy of different models and

shortcut with different convolution

WA ZRARBRITHE ., LRERME LR, kernel sizes

MR LA, TE AL S I 2 &2 %% EnvResNet-  EnvResNet-
LSTM Hf ¥ G804, 150 R A 3% ~5% B3R, H7ESL 5 MK LSTM/% Fe/%
A LSTM 8 BT ol 90 A B4, I I8 AT g 2 1x1 81.31 84.61
283 5% 2% 5 B RRIE O 4 2k S B ] 5 0 A AR 34, DA ol 4 3% 3 83.28 88.35
BB LA N E T A RO AR A, TTULE 5X5 83.12 87.54

T i P ] ol 5 2 5 s, 3 (8 T 304 3 ) 5 AR A I A6

A U SR AR B 1X 15 55 B9 4 BURAT O LI A 100 ~4 060 B 4@ T i HLEE Y 33 9 4 )
B, — 75 TRAE AE CNIN H 38 FRUZOBOR JE R R, R 12 9 5 B i 2 (R R i B U &
SEECT RO, T REREAR , ST T3 T S O TR B, 5 — D7 W 3 X3 i B AR LA &
AN 1T A8 BURZIR A , ol 15 41 IR R fiF =2 18] 1R ZR /D

3 4y BT BL 156 % A th 0 5 R L A SCH 19 En-

ResNe KRR ML 2RI R Szl e o8]

HEHE 35 10 2 BT A5 B P 69 5 B0 . AR ol )

242 1 19 Mul-EnvResNet W J& 38 i % EnvResNet £ £ [ J5 § gi

AT P R Y B TR PR ST A9 03] —

O, Mul-EnvResNet 0l M w5 e, vy 02 W@
0 25 50 75 100 125 150 175 200

TR BRI A, NI 23 21 560 0E 4R A9 Bl AR AR Z
TS 2T I K A A o B R AR T I R R T R

IERKE

K5 Mul-EnvResNet Il 25 A il £k &1
Fig.5 Multilevel residual network training

HOEMIE S Pl RUE L SR A LA ROR RAF, BIFR B
SUR /Sy VEE S

and test curves



966

Mul-EnvResNet 5 EnvResNet [ 52 5 45 5 %f
B 3 2 fros o i 3R 2 o 8odE ol A, Mul-En-
vResNet 1 43 28 i i 5 07 my , AF A AC Ht , Mul-En-
vResNet 5 B (1) 2 ¥ 319 i, H 5 ) 7% 56 1 1 5
ARG USRI 20995 | N 5 @ [EZ N S T
K, HlRm iy AR B s 2, 24X 200 Ik A & T
8, 8 EnvResNet 2 #%0 T 100 ¥k . B AL AL
GREE W PSRBT E 4R 1Y 43 S I (] O R
A —Fny MO FEAER R T Ak R A
Mul-EnvResNet & AP i 5 4

R E B L Journal of Data Acquisition and Processing Vol. 36, No. 5, 2021

F2 AREEE T EEREMEEE
Table 2 Classification accuracy and training time

under different models

iy TR % YIZRIFE] /h
EnvResNet 88.35 11.6
Mul-EnvResNet 89.32 27.5

R3 ESC-50 L HEBIXLELWAER
Table 3 Camparison of experimental results of vari-

ous models on ESC-50

B A S HE 1 Y Mul-EnvResNet #2 # 5 CNN

LAY I UER R %
(Piczak FBEs-CNN""" logmel-CNN"'  logmel- Piczak FBEs-CNN! 64.50
CNN ®@EnvNet'®) | 3 4 ¥ & #1 % (PEFBEs' *' | logmel CNN® 66.50
[22] e == 4 >
FBES©OPEFBEs =) JETIER LB ERA 000 0NN @EnvNet® 71.00
Z5 W 4% (ACRNN"") K ConvRBM ™45 HiAh 75 ¥ 43 PEFBEs™ 73.25
A, 1M logmel-CNN Fil logmel-CNN & EnvNet li| & Mul-EnvResNet 89.32

fE Piczak FBEs-CNN (% £ it b #E4T T 8088945 .
PEFBEs 5 FBEs PEFBEs i JT] i % £ £ 74 ]
J& Piczak FBEs-CNN, {H 7£ R¢AiF 42 B 78 20 L T A AR B A — @ B A9 80 7 9040 i I 2R iR
BE T 1 3 MU 60 9 B #2519 4% ACRNN K ConvRBM 23 1B T 86.10% 1 86.50 % Y 73 LM K,
A 22 T B R 8 BT — 5 f 3, (H A SCHR Y Mul-EnvResNet 1 g B @A T Hfb iy 745 8 20 26 5 v, B
A B e 5 EMER

5 H#RIE

X B A R R 7R o R AT RS AR SCKS 5R 25 W 45 BT ESC L T 8% 25 N 48 AR A En-
vResNet, 76 [F] 804 46, 5 DUAE A9 CNIN LR K2 HLAb (4 75 55 43 25 05 i ilE A7 LA, BUAS T 00 8 1) 40 25 of
B, A, BB T — 4 Mul-EnvResNet f5 78 | ifF — A0 48 8 T 8B A6 IR 855 75 35 L (10 °F > Rz 1k B
BUAS T fem 09 JE a2 . (HR R B AR Y 2508 I A 3k 2 LR SRR, YINZR B () A X A4, X2
A Ja TAE T B AR R B, 5340, 45 1 TAE to 24242 H 9 Mul-EnvResNet £ 5 i FH 21 A 7] 44 4
£ b, UrbanSound8K FI RW CP %4k 4 , I 25 A £ BURT BT 9 46 F A1 R 3% 45 A DG H R, X ESC H A i
it — L5 .

S E k-

[1]  TANG Baolong, LI Yuanging, LI Xuesheng, et al. Deep CNN framework for environmental sound classification using
weighting filters[C]//Proceedings of IEEE International Conference on Mechatronics and Automation. [S.1.]: IEEE, 2019:
2297- 2302.

(2] WV, OB RN A A BRI L2 I 2 7 e P U T I ELT). AR 5 AR L, 2018, 34(3): 357-367.



g &

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

F FATERREMNBOTRLE F ok ik 967

e

HU Tao, ZHANG Chao, CHENG Bing, et al. Research on convolutional neural networks in abnormal sound recognition[J].
Signal Processing, 2018, 34 (3): 357-367.

BISOT V, SERIZEL R, ESSID S, et al. Feature learning with matrix factorization applied to acoustic scene classification[J].
IEEE/ACM Transactions on Audio Speech and Language Processing, 2017, 25(6): 1216-1229.

LIUZ,WUZ,LIT, etal. GMM and CNN hybrid method for short utterance speaker recognition[J]. IEEE Transactions on
Industrial Informatics, 2018, 14(7): 3244-3252.

SAILOR H B, AGRAWAL D M. Unsupervised filterbank learning using convolutional restricted boltzmann machine for
environmental sound classification[C]//Proceedings of Interspeech. Stockholm, Sweden:[s.n.], 2017.

PHAN H, MAAB M, MAZUR R, et al. Random regression forests for acoustic event detection and classification[J]. IEEE/
ACM Transactions on Audio Speech &. Language Processing, 2015, 23(1): 20-31.

ZIEGER C, OMOLOGO M. Acoustic event classification using a distributed microphone network with a GMM/SVM
combined algorithm[C]//Proceedings of INTERSPEECH 2008, Conference of the International Speech Communication
Association. Brisbane, Australia: DBLP, 2008: 115-118.

TOKOZUME Y, HARADA T. Learning environmental sounds with end-toend convolutional neural network[C]//
Proceedings of 2017 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP).[S.1.]: IEEE, 2017.
ZHANG 7, XU S, QIAO T, et al. Attention based convolutional recurrent neural network for environmental sound
classification[C]//Proceedings of Chinese Conference on Pattern Recognition and Computer Vision.[S.1.]: Springer, 2019.
XS5, SEWE T I 22, 45 G IR T 2R B0 A U 8 O 206 AT A 4 A PR SE  RUM O R D). £ S 4R B 2020, 36(6): 1020
1028.

LIU Yarong, HUANG Xinzhe, XIE Xiaolan, et al. Environmental sound recognition method combining meir spectral coeffi-
cients and convolutional neural network[J]. Journal of Signal Processing, 2020, 36(6): 1020-1028.

PICZAK K J. Environmental sound classification with convolutional neural networks[C]//Proceedings of Machine Learning for
Signal Processing (MLSP), 2015 IEEE 25th International Workshop on.[S.L.]: IEEE, 2015: 1-6.

LEE C Y, XIE S, GALLAGHER P, et al. Deeply-supervised nets[C]//Proceedings of the Eighteenth International
Conference on Artificial Intelligence and Statistics.[S.1.]: PMLR, 2015.

HUANG G, LIU Z, MAATEN L V D, et al. Densely connected convolutional networks[C]//Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition (CVPR).[S.L.:IEEE, 2017.

SZEGEDY C, LIU W, JIA Y, et al. Going deeper with convolutions[C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR) .[S.L.J.IEEE, 2015.

HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition.[S.1.]: IEEE, 2016: 770-778.

ADAVANNE S, VIRTANEN T. Sound event detection using weakly labeled dataset with stacked convolutional and recurrent
neural network[C]//Proceedings of Workshop on Detection &. Classification of Acoustic Scenes & Events. Munich, Germany:
[s.n.], 2017.

FAF I TR T 0 TE R BB FE[D]. B AR R R4, 2018,

WANG Shijia. Research on sound event recognition based on deep learning[D]. Nanjing: Southeast University, 2018.
SALAMON J, BELLO J P. Feature learning with deep scattering for urban sound analysis[C]//Proceedings of 2015 23rd
European Signal Processing Conference (EUSIPCO).[S.L.]: IEEE, 2015.

PICZAK K J . ESC: Dataset for environmental sound classification[C]//Proceedings of ACM International Conference on
Multimedia.[S.1.]: ACM, 2015.

B 7R ARAR MR LU A F R A o S s A DN SR WS (D], 7 M AR R B TR 2, 2019,

ZENG lJianfei. Research on speech endpoint detection algorithm under low SNR[D]. Guangzhou: South China University of
Technology, 2019.



968 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 5, 2021

(21] BRAE . 35 & s s A I A R PEAF 2 (D], T M 2, 2019.
CHEN Wang. Research on robustness of speech endpoint detection[D]. Guangzhou: Guangzhou University, 2019.
[22] TAK R N, AGRAWAL D M, PATIL H A. Novel phase encoded mel filterbank energies for environmental sound

classification[C]//Proceedings of International Conference on Pattern Recognition and Machine Intelligence. [S.1.]: Springer,

2017.
fEEEA
wmeFE (1978 ), BIEEE, ZERA1995), B, i - 1F Bk 5 (1963-) , B, #4042,
2 A YR BESE 5 ) FEA L WE ST 7 ) IR B WF5ET7 I - [ I8 P 45 4k 1
s e HEES 2 HE A S AL E-mail: AR G E-mail:
Ab B E-mail : zengjinfang@ 15074943298@163.com A? J yanghx@xtu.edu.cn,

xtu.edu.cn,

S EE (1996-) , %, i+ BF 5%
A WRSE 5 IR B A ST
R 5 AL B E-mail:

156323134@qq.com,

#AHE R (2000-) , %, AR,
BF 907 1 K B 2% ) L E -
mail:501572217@qq.com,

(% % 3K )



