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Abstract

In order to solve the problem of poor generalization effect and high robustness of the model due to
too little data in the traditional urban noise classification, the accuracy of the model decreases due
to the fact that the traditional noise features cannot solve the problem of key data loss. In this paper,
a two-way convolution model based on MFCC + GFCC hybrid features and noise spectral features is
proposed. Firstly, the noise data is changed by MFCC, GFCC and spectrogram, the feature data is ex-
tracted, the MFCC and GFCC data are convoluted and compressed respectively, and the classification
is carried out after mixing. After convoluting the spectral features of noise, the attention mechanism
module is used to classify each channel by weighting labeling, and the classification results of the
two channels are fused with Bayesian numerical values, so as to achieve the correct classification of
urban noise. Experimental results show that the accuracy of recognition is improved by more than
8% compared with the traditional model network under the dataset of big data samples.
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T BEAE SR I T I AR A e R BR AR, % T35 TT A5 % U3 (Environment Sound Recognition, ESR) 4,
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XF T 2B T e A8, PABE RS S AR R U A B T — AN BB AR, T
TRFESREL, A N LR, I, kAl DA R 20 B RS e PEANAE R P, 7 30 A A 3 A T o
F1, @A STFT 8L MFCC J7 VRN KB 1] ) 75 35 B0 20 A o A i AR B, TR AIE B0 A R B
HIRZ NI T K TRAESEEU & Al 715 . LUZ S5 A A8 FATUSORRAE R SBARAE 205 I SR AR AE (6 A I
TR TR A FRAE B8 BI04 TR Hh 3k 75 7R A L IaRoR, BREE(3IHR T Rl A U I 2 v T
FREURHE, @2 T Re E w2 R U I R B, Re A SAMEE S RHEE B, M IR T LAY (1) )
PR BEAR T 68%. Bt TRFESRICZ Ab,  — AR F5 AR AL S5 A4 1 2 06 T 3 AL 45 AT IR ) oG, AR
128 ) 24 (CININ) AR B 50f 1 A BE 73 28 10 #— BB R4 R R8O SCHR 4] 98 T4 CNNC 48 SR IEAT 3k T
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(9] K-FiAB(K-NN)[10]. mEEHRS R (GMM) [11][12]. B DR AT KRR HMM) 1318 T#HZ M
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ZE(ANN)ZENL A5 2% 2] 0 K289 H T ESC. IRJEHIZ M Z(DNN) T ESC. {4 1% DNN (355w
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Figure 1. Diagram of the practical teaching system of automation major
1. MFCC $ZBUiZ 2
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GFCC FHEFREURFE QI 2, NS5 H i8S —24 Gammatone JEJR 4. X LEJE B AU B
(R SR MR 82, 2 IR 1 50 1) 2 20 P (RPN =5 3 AR )RS 5 3T I8k« 551> Gammatone JE I #5X] B
TANFEE A ARER,  fE % 58 R S i A SR 5 28 485 AN [ AT i s

MFCCHH1E GFCCHHIE
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RULE RULE
Max pool Max pool
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Figure 2. MFCC and GFCC characteristics
2. MFCC 1 GFCC ##E
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A, X RHRIN GFCC Rk, IXECRHEA S 115 5 B AR 805 02, SR T N B Wi 28 45 1Y) i 37
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Rk, KGN E ORI Th A A I — R R 15 S P, 5 B AR 2R T R s I R AR Y R
WAE T RIReE, HRRIE 70 A 3 i BN, SEIn4 T () Ang 5 1) 4 SR RFAE, Btk 4 MFCC F1 GFCC
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2.2. MIREEH
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Figure 3. Spectral map features
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Figure 4. Mean Bayesian fusion
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2.3. ERAHFIER

R TP — P T3 SRR v @ E R I AR, EEH T HBRME M (CNN)H . &
TN A P B R DL IE S TR R AE B (B TE RO, AN e AR R AR 1 2 ST R
J1[21]0 ASCHRTES B R AT I HLHZ B HE MFCC il GFCC F#1iE, IS ERHMER S 15
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BiEah kg tn sl 5, Al AN A ERE 2 5 ~F 3tk (avg_pool ) Fl i K it At.(max_pool), X i Fith
1043 9 B N R R P B BGEE ) 42 R T IME B e R iR S B . il — R & E R 2K s 2 1E
TERER A B AT R4 53 . 40t ReLU JZBUE 5 205 FFIK R 21 64 IZERE . X — i FE A0S 12 48 HdiE 2
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Figure 5. Attention module
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3.1. ¥IELE

BATITHE AT B 4 ESRIG I Se i seiG 45 . BUEETEE 5 MESFE ST, 2RI NER
MR35, i TR, ACHEME T, MR, TR, AR EE 11,322 A0 HUE, A4S HEE K
Bl 4 Fbeh, REFKR 704 205, SREESIZE N 16 khz. FIREVELNE BWE | Fra, B4R 4% H
FHT A G AUE I AT IR 2 PR

Table 1. Noise data details
= 1. REEREFAER

E TS FEAH JEA I K /min 8 Hdfi 25
H SR 2199 146.6 B u e S A U R R 7 S SR/
Jiti T 3% 2097 139.8 E % 1IN d N N 715 B Jiti T 3%
AZ I 2220 148 BHERA. BRI, WpuE ek, Pl s AZ I
IR Sy 2263 150.8 P SERE, AR I A oz
Toolb e 1793 119.3 MR 795 KL LALHL A& Tolb e

3.2. XWEE
PATISLIG RT3 1 FdadE . BATRA B2 U ZRAn MR (1 e, PRAL FR AR L FE
a) ERIZ (Accuracy): R FI IE A FRRE A LL s
b) HiHfi% (Precision): TR A IEAE A Hr S fm  IERE AR EL A
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¢) HAIEI% (Recall): SEBRA EAEA B FRINA EFEA B ELAG) .

d) Fl-score: ¥z 5 A BEIZ AT H%, HT LR IPEBAIMERE.

fiE A7 T SE5S/E NVIDIA GTX 4060GPU it AT, B J7 1H, B A I S 568 AR 7E m A2 38 55 python3.10,
BRILT pytorch HEAEFEAT 73 MR HE 8, ARAFFAE SR AL T librosa F1 torchaudio fE. ZEYIZRETEL, K
FHAE I8 R B i ok ek 4, A P FL A B A R O RO 28 20 A 5 SR B 2 Al ) 22 5, S R I ARAG AR A
Adam RALEEF2]ZN 0.001, Adam RALHRZEE T 32 (Momentum)Fl H id& % >] #5(Adaptive Learning
Rate), IZRidFE, MRACERARYE v 5 H k6 S B A S 3
3.3. SEBRERIH

FEARTH, AT P8 B B A e B a4 I PERE R I, RRonlth, FRA1GE THRAAE AR KAE
S RIHERZE . A EIZ A Fl-score S48 R, 18I 5 23T BRI BT LLEL,  FATA BRI TVELE
AbFRR E R TEHRI AR . Wi 2 s, ARSCREBUA O EUAE G CNN BY, RNN #4Y, LSTM 4
FEARSCHHRSE T & AR E A W 25Tt

Table 2. System resulting data of standard experiment

2. TRIEREIEREFEHR

i Accurary Percision # [F13% Recall Fl-score
CNN 83.42 83.73 83.42 83.48
RNN 81.10 81.68 81.09 81.21
LSTM 83.48 83.73 83.48 83.55
our 92.69 92.71 92.69 92.70

B 2 ATRUE RSB IR 0 2 ISR AR B R0 A0 22 19 265 (RININ) A JE IR 8] 1212 99 2% (LS TM) %
T A PR 53 2 ) R AN ARG, AbFE T AEEE T S A SRR X 45 (CNN) A ARG, 7T LA 3
XoF T 43 S 1) REUAS FRR 6 X 28 0 B A B, O AR S0 P 19 5 A A 2R AE 48 35 P A4 AR o) e i R AR R AT
AbBE,  ARSCAE PRSI L B AR 1) IR 3 A R AE AR R T e HE R %, HERRZE, H[HIZE Fl-score #0H T
KIEFEFETERLAIETH T 10%. RIS T IEWIE S REAE 1) XU R N 4 2 5 A1 T B — R E Rl g N 4%, I
Tk S BT LA [F] B R G T PR 2% FAS AR T o0 FERG FE R . 35 3 B T AR G453 R L 25 3,
%+ MFCC, GFCC, MFCC Hl GFCC R & 4L, spectrogram 454E 7 5l #1f5 FH A S [ 2% 455 5 o (1) 4 5o 7
WA AT ISR, SRHEAT X SES .

Table 3. Model data for different features
= 3. PRIFHERRE R

FHIE MR Accurary Percision 74 [F1 % Recall
MFCC AlexNet 83.32 83.54 83.31
GFCC AlexNet 86.10 86.68 86.10

MFCC + GFCC AlexNet 90.28 90.30 90.28
spectrogram SENet 84.79 85.10 84.79
our SENet 93.21 93.24 93.21

our our 96.32 96.45 96.32
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AN [FARFAIE RIS 28 040 2 7= A B2 1) 5 N MFCC F-IEFT GFCC HfAETR & I, AH B R F— ¥ MFCC BX
# GFCC {E NN, RAHERRAE T K2 4%5] 6%13RTH. |4 3 \TLUEH, EARTERE EIHE
IR HE A MFCC + GFCC iR A RHE, (FIEIGERHMEH S 2 A HE R, MUk A ST s % H
) MFCC + GFCC VR & RHEAIE G EIRFE OB ARG &, e, #EMRZE, T2 Fl-score #A 1 12
Ty X6 A5 2T A B 5 A T 3 2 B TR A, 15 PR ARRAE 1) 48 FH A6 5 S AV 22 6 LU HE ) MFCC
F GFCC HFRAE P Bk S S0 AT LU JEU6 1 75 35 5000 1 2 TR A A Y (2 AL PR A i 3R 7t o

(7 B R g v vl L i P s o, DR ER T R A Pl ) A s, OR GA F VE  RL R AN R
REAEEIE 2 FCAS R AL, RERS B )98 S B RRAE, AR AN B BRI . X P B3 A Bh T
R T A R OGBS . o I B VA LR AR AR PR, G TE R ) R R S AR AL I 2R AR P A
LA BORES:, SRTH LA AE R ARE f1. W E 2 4 WP ULE OO T IE R AR, RNV A HRAE
A3 BT TR B R S I S, R VE R I HL IR I 25

Table 4. Performance metrics for different models

4. TRIEREEREFEHR

T Accurary Percision 1A # Recall Fl-score
CNN 83.42 83.73 83.42 83.48
RNN 81.10 81.68 81.09 81.21
LST™M 83.48 83.73 83.48 83.55
our 92.69 92.71 92.69 92.70
4. RKRE

I R R 2 R R, BAEACEME . @R TR BAMEE S SRR R
k5 KA P AT AT HERARIE o DATTHI FC I B0 B8 2 0 /INEAE /D 73 SR/ INRURE AR, AR AR I B SR
TEMAE, O EZFEEE, N FRR AL T — AR BRI SR AR . (S S RHIEAE
R E R, BRI R, AR IEET MFCC A GFCC R & RFAEFIE i B 20 o L%
BRARE W N, TR P R R LA R 15 13 PR AE 43515 B AP0 o3 . 7 T AFIER IR BE
73, FEUF AR T AT PR R AR R E TR A, XA R il R B AR S R S, 1S
Gy FATS5 74T TE N PRI A, ] T St N T e 25 1) U JR B2 R B 3 AU I o PRI AL B . SR SRR B, 4R
HE ) I 2 A TR Stk BB £ 1 4 ZRAS IR B T 93.69% . 7 AR w1 85 7 S R A 1

EHEWH

B FAF BN LN AT H S
Yunfei Du, School of Basic Education, Beijing Institute of Graphic Communication, Beijing 102600,
China, WiH: the Project of Beijing Municipal Commission of Education (KM 202110015001);
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