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Abstract

Music genre classification (MGC) is an indispensable part of music information retrieval. Because
convolutional neural network (CNN) has made a breakthrough in computer vision, researchers
apply it to MGC. When the CNN captures local features, the convolution kernel treats all channels
as a whole for feature extraction, however, the feature information of each channel is not equally
important. Therefore, this paper proposes channel self-coordinated attention (CSCA) to adaptively
calibrate the contribution of different channels to the global information in the feature map. At the
same time, in order to solve the model overfitting, this paper adopts the method of randomly
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masking the time-frequency domain of the spectrogram for data augmentation. Experimental
results show that the accuracy of our model is 90.8% on the GTZAN dataset.
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TR TLUR 73 SR R HE A o 2 LR 2 AN RS SR IR B a7k, W R E B R . BRI
SEARHE SRS B B2 o AER RITENR T T LA SR, (R iV E AR R IR . PR
o) s B SRR, A AR L IR AR B s, i e U A A R, o B R AR RO I AR,
KO E RIRIr 52t 1 AT AT . (B HE AT LR

BEE 2 BAAFIE SRR M s R SR, BB SR R o] W. KT, & 5K BRI B AR 19 R
R, EE N T R SR AT R R AR SO R M o DRtk & SR8 B R (1O — B A PRk g i
HORIRNE N X 08 R E AR —, WERBEWS B SR & AR W 2K & R R A RIRIR, X0 & RS
ERRSERELEEH. Bk W, —MNEf. AR E RRIRS R R A T2, 3], HEZH
PRASFRA : 1D) RHESRIL 2) 73 2R3e iy G774, ST Fi 8 SR IR 70 I R T- Ll /R AR AE,
BORAEFEN GURA B RS T EIR . ARk, TR S S AE 3 ARG 5 A B [6 1A ST 5 [ 7155 AU HL
137 Rtk . WE IR — T ERAE T —Fhom B ) 775, AT EBINE BRI
AR BT . HF AR R AL [8], 4 5 B {8 B r- A 36 451 3 ] ( STFT-spectrogram ) 1 /R A i
(Mel-spectrogram) %%, 15 RGB EMGARLL . BF TN 53 4 FHIAR B 57 >0 H 1 RRAH 22 9 2% (convolutional neural
network, CNN) LRI G I 77 O ik B gk 474 25

TEE RIMIRIETT A, Zhang 55 N[9JFRH T 5= T B AR (N 28 45 G-~ 3503t Ab . e Rt AL Ak R 2
(R 774 9 A ) R e B I A A P O B NSRRI, B 1 8 SRR 70 SRR o FEIGERR B,
TR E S PR, Choi S8 N[1013& H T BREIFHZ M Z% (CRNND H T & 5K 702K, H A&
22 WX 2 SRR TRFAE, 36 U 0 9 28 o) B IR PRV R AE R AT ) 0 SR AR o IRFE S I ST iR R 2 H T4
A 2%, SR E S AL IR IR AR AR, B AR S ST b 56 RO REAE ] o BT SR TE (R AR AEAS S AR
B, ER GG RHE B s TE 2 B P2 A S BRR R, SR AR T A 8 IE P RHIEE B AR AE . 2B R
R 484 TAE[11, 1218 &, ARSI T 818 8 V7= /) (channel self-coordinated attention, CSCA) ,
LI A 3 SR AR IR TE [R] O¢ R BOACE AR R, 0@ REAE R - AT ISR AN SR A58 18 [A] AR SR, HOE M
REHERFIE B HR AN [ 3838 1) DT MR AR o 38 1 PR A 0008t 4 e v A R 5CK R AT P P 448 R i 3 R v =
DRI, AR SCEEAR 1 4 JRi -~ S50t A A 4 o di Rt A P b s A, R KRR VR o AR R o R R AGE DR 7 () AR 2 P T8
T O B BORPAT, A S T Sigmoid. ReLU A1 Softmax = FHEE ¥ . ([EAEERZ, HEHW
WVER SN RIE B BARSHE N ASCRRHMEETZIR, TTHRAMZK T ETZ,

HRHE Kahl 55 A[13, 1410981 7T, ASCRAVRE G R 45 CNN-5 SR 5 AU fei s Atk 14, Jf B
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Figure 1. Overall architecture diagram
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Figure 2. Channel self-coordination attention structure
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Hrh gp FoR AR, 0 FRoRBIE AL F,,, BonT KRB R a, B, ¢ Fom— 4B H
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Figure 3. Time-frequency masking data augmentation
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M. BaE 1000 E#, B AREMNRIRT, BN RIR 100 EaH, BARFIRS 74 Blues.
Classical. Country. Hiphop. Jazz. Metal. Pop. Reggae il Rock. % &k K24 N 30 0, REHIZE
N 22050 Hz, 16 fiL. ASCK: GTZAN H iR, SRFERSE— B 16000 Hz, AR A 4% pl i 7 i
AL, TG SRR A A R 22 A TE I RS R R

AN R A g R A P, A HORRNRRIE, For i AR R KR 512, & HkER
KNy 256, B s a4 128 GTZAN Hidfs 5 h &l &/, IR FBds 3 a4k . Bk % GTZAN
tdF—E AR HE S E DAYV 1L DR AR (A58, BATIR Z R ES 50%, V1 EHTE
KA 313 X128, FESEER IR, Tour R AN LLEIRIr 8. 1 1, FEORFFFUIRIEI AP . 1t
Gb, BRI EE R AN R, A SCR 38 R R O 5 SR AR E M, 2 SR BRI A RAR R ik
BAT ISP IME

3.2. SCIGRE

AR PaddlePaddle HEZE, -FAIS A Tesla V100, fifb2sy Adam[19], Batch size 4 33, 2k
BRECNAE S (Cross Entropy) » fF—3EdEUIZ 90 /4> epochs, #7238 XI&IE—FL1I1Z% 900 4 epochs.
WG S30N 0.0001, 2 ) RIER TN RTETE . NGB, BATE BT 5 5% F BLa i 3T aL 47
Zro TR MY B U2 5] — e dk it 9 B G BOESEHE ST SoE A JF HL, R BEENLHHS
BT A & 5 i B AR N, 33— AR B K IR IR 3 o it F e 28 i i o

3.3. SCIGEER

Table 1. Comparison of experimental results by different models

® 1. NEHRBESIEERIER

Y FHIE HEf %
KCNN(k=5) + SVM[18] Mel-spectrum etc. 83.9%
nnet2[8] STFT 87.4%
Transform learning[19] Convnet features 89.8 %
Hybrid model[20] MFCC, SSD, etc. 90.0 %
CNN-RNN with GLR[21] Mel-spectrogram 87.8%
MhaNN-SVM[22] Mel-spectrogram 88.4 %
CNN-5 Mel-spectrogram 88.9 %

CNN-5 + CSCA (A30) Mel-spectrogram 90.8 %

AT KR T IE B PR R I CNN-5 (2% 5 2 M7 ik JT kT TR 45 RIS ER 1.
Toie 2 FHAN) KCNN+SCREIEHL (SVM J7iE. FE TR M4 R I E% 1Y) nnet2 775 R TIRATRE
FIEANIT#% 2% 2] (1) Transform learning 7772 2 TR A AL Y] Hybrid model 7772 2 T4 R IEMII{k, CNN-RNN
with GLR 7575 A S J:F 2 S 4 5 FI0L 1 1) MhaNN-SVM J572: 43 SRk 8 #% T A SCH Hh i A

WK 4 Fizs, ZIREFERE R 20 73T I8IE B P IAE R I CNN-5 2% 7E GTZAN #4545 il 45
5 B IR AR L o R 2R B EUE RO, B R R TN 1% 8 AR LIRS A PR v A 228 o vl BLSR (Classical)
EEAR (MetaD) MEFLIR (Jazz) S5 SRR BRE LGS, JoHR H BUR D RAEREIA S 100%. THER
& (Rock) FIAT SR (Pop) SFIRURZN FERG AR M A Hl KRN 28 5K 5 N FE R R B 40 A 7 LR AT %
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Figure 4. Confusion matrix of model

4. 1REVREIERE
TIRH LR, BRG—, FERARE SR . BRSRSNERS, R XIRE S —. K
BRI . (AR R 2 Wil SR Precision FEFR AN E i, BEARFR A2 PO TR
PR MR E o, SEPRER RO S BRI S 2 b XERE] BRI HURE SR, (HE I
it RRIAR B LR (Jazz) FIREE SR 7 O E MR BRIRARANAT SR i AR N S EER Y, 1A
FABAWIRMEA . K, SEC7RNERK. 12 i TR R ARAT M AT, e IR A 12 4
FORRIRRANTAT IR BER RARA, & AT Precision fAR M T+ 1

Table 2. Analysis results of confusion matrix

F 2. RBEEESTER

Classification Precision Recall F1-score

Blues 0.94 0.93 0.93
Classical 0.94 1.00 0.97
Country 0.86 0.89 0.88
Disco 0.84 0.94 0.89
Hiphop 0.95 0.93 0.94
Jazz 0.96 0.95 0.95
Metal 0.89 0.97 0.93
Pop 0.9 0.82 0.86
Reggae 0.95 0.91 0.93
Rock 0.85 0.74 0.79

4. &

ATCHR T T A YRR R U CNN-5 28 T35 SRR 739, CNIN-5 [ 2% ISR S HUBTE 14
SRS B AR IARAE AL sy 8 SUE S, T IE 1 DIy e e (i 7 A v 25 B R ik I vh AN )
I P TTERFEEE, R T 5 EERMIEE BB . ARSGET AL T AR it A R BRI R B0 BT H
ER I . 4R P itk R BOB T B AL B R R B 18 TE T B A AR B, RCRIET &R
Kb AL A% Sigmoid PR ECFRSUONIEIE K 1 ) B i — MRFAE R 7 BEAT B0, 0% 5 BB E e E . 1E
=hieE R, Sigmoid pREVERER . LRAL, I AT RCEE I R D IR TR RE . ARSI
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