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Music Genre Classification Based on Spectrogram Enhancement and CNNBLS

LIU Wan-Jun, LI Yu-Meng, QU Hai-Cheng
(School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: For the problems of weak music feature mining, complex deep learning classification models, and long training
time, a music genre classification model based on spectrogram enhancement and convolutional neural network-based
broad learning system (CNNBLS) is designed. This model first enhances the Me‘l spectrogram by randomly masking part
of frequency channels in SpecAugment and then uses the cut Mel spectrogram as !the input of CNNBLS. At the same time,
exponential linear unit functions (ELUs) are fused into the convoluﬁpnal layer of CNNBLS to enhance its classification
accuracy. Compared to other machine learning network frameworks, CNNBLS can achieve higher classification accuracy
with less training time. In addition, CNNBLS can quickly learn incremental data. The experimental results show that the
non-incremental model of CNNBLS can achieve a classification accuracy of 90.06% after training 400 pieces of music
data, while the ineremental model of Incremental-CNNBLS can achieve a classification accuracy of 91.53% after adding
400 pieces of training data.

Key words: Mel spectrogram; broad learning system (BLS); speech enhancement; music genre classification (MGC);

exponential linear unit function (ELU)
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Jazz. Metal. Pop. Reggae. Rock. 3 4 7] JL: JiiH
AR AN ERAT 76.48% 1173 AL, F2 40 [ RFAE I AN
Re I () X 3 - IR 1 22 e e, HL LR A 2 L)
SRUETAFAT 12.23%, IEHIHZ AL RE DB ZE. WA 13(a)
Frw, JUFAEAS TR AR A R 5 R 000 8 40 28 380 FL A 1)
IR, JEHIRIR 9: Rock 7 KHUER A 68%. HE/R 5
Tl P PR R AR 2 4 AR B, 7 2R AET R 85.60%, BUR
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GEAIEE AR b, 2 AR R AE S U i HUAS T R e v
T, {ELFC UK v A 2 L DI R HE T 211K 6.82%, VI ZRAR
AR A WA IR, B 13(b) BRIEH BT LA
H Country. Disco. Reggae fll Rock iX 4 MMtk 732
¥ FE AR 859, A S A SpecAugment 355 5 # K 4
AT RAESZ I8, £ B4 CNNBLS T IS ]
73 90.06% 7 KHERZ, K 13(c) IRIEFEFE BT UE
tH, SpecAugment 14 5 J5 HE /R A B2 A X 43 % IR

()22 e k.

Hi A\ GTZAN %
v
i 4:4:2 RN R | K
YIRS AR

-

| FRT G |8
v
Bl

A I R A 4]

[ st |

RN
R DIT

[ wAEnFERE |
VI B

AR

353 R A% S AR g i
LRSIV NS

¥

y i
Bl 12 43 R A0 B S Ie i s
K3 BHHE

AR PR 7K AR T )11 S A A 5 AP 00 o A 23 A 22 4L
K, B 14 m C AR 2 I &, BEALSE iR 7
TR AT TE (P /R ATV P 1) 11 2 4 A 23 AR 0 3 v i R A
FAZE 1.6%, (EH] T BEAL 5 M 2R A0 12 1) 3 70 S 2 5
TE RS ML U5 1 1) L

4 BHEREUT RMERER L (%)

Data set Train accuracy Test accuracy
A 88.71 76.48
B 92.42 85.60
¢ 91.66 ! \'\i.\ 90.06

Type Parameter
Mel spectrum size 128x128
Kernel size 3x3
Pooling size 2x2
Feature nodes 10
Enhancement nodes 10

N T B O B 3 R R AL 3R BT iz AL fE
B3 4 1K 20 m R AN 1) 14 JT s 1 i £ P81 SR ) Iy
3 FRFIESR BT A AZ AL RE D NS R RE, M LE T 4G

92 R4 # ¥ System Construction

BRIy B (5 B 00 ST RIR B . AR
SRR R, ST R LR R EAL, BEHLE
AR AT ) 40350 4 AT 135 308 T UKD KL ik fg
FEFNT-HE, AT 3G SS9 A5 10 e % B 4
AL EREAUFE L. b AL, BEATL BT il — L A0 245 30 mT LA
AR AR 1 Ja R () ARORRE B2, (S0 45482 284 B im0
A JRRHE, HE— D3 TR Rz AL R T RIS R, A
M & fg i 40L& 1) ) .

342 JCHIEEE CNNBLS X bS58 20 Hr

I E A CNNBLS X} L sz o, il GTZAN
HHRLEH 400 B & RAEARIENIIZEE . 200 %5 RAL
AR R MARER, K FHAE 75 28 () HE A 2 NI 2R KA
S %} EE S G 1) 14 BE VR AN 4B A5 40l t\l:ifc 7 LeNet-5.
GoogLeNet, VGG-16, Alexnet Al CNNBLS #
ﬂﬂ‘]ﬁ%’é‘@ﬁ%%ﬂlvll%ﬁ 5951 7 XGBoost'!,
SVM-PCA" il Wide'ensemble En10!") ()77 733047 %
b, T 3 A7 AE A AR PR BRI A K,
T LA AE 43 2K W 2 5 T 5 G 89 B % CNINBLS
XFEE, Jo s AT L 25 S LR S

LHIEE N ZREE RAA 400 M, ok B4R CNNBLS
O R A RIS, AFERT 146 s HAE] T 90.06%
o R UERf 2, i HA I e R R A B T —
SRR, AR TR B A S BRI 28 BRI R, &
BN LRI K b ) 3 5 1 5 A0 98 B 2 S B AR %2
5 HAbAEZE TAEX LR LUE H: CNNBLS 175 258
435It XGBoost™ 1 SVM-PCA™ &4 0.6% 1 7% I
5. A5 Wide ensemble En10"? #5224 7 i 4 i
J5E 5 ) (R 2 45 0 T B RN ) K TSR T 98 B &
), Wide ensemble En10 A 7 F 58 45 [ ) (6] 45 21 B0
SRR, K 50 AN EEE 7y KA 1P A 4R Enlo
KBEAT 25, HUEWIR N 0.658, 7550 LR 711, A
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TEEH A ) 24% FIRE . BbAh, CNNBLS & 7]

PATE G s B N B A0S 00 T, Bt HEAT I 5.

Actual

Actual

Actual

0 YERQ 1% 4% 3% 3% 3% 1% 2% 3% 3%
1 11% EXEY 1% 1% 3% 1% 1%
2 14% 1% YUFH 4% 1% 3% 1% 3% 4% 7%
3 14% 1% 5% (AR 3% 2% 2% 6% 4% 6%
4 12% 1% 3% BEE 3% 1% 3% 4% 2%
5 14% 2% 4% 3% 2% UFA 1% 2% 2% 4%
6 12% 2% 2% 2% 1% BBRA 1% 1% 5%

7 12% 3% 6% 3% 1% 1% EQ 3% 3%

8 413% 1% 4% 4% 5% 2% 1% 3% UERQ 4%

9 14% 1% 6% 5% 3% 3% 3% 4% 2%

T T T T T T T T

o 1 2 3 4 5 6 7 8 9
Predicted

(a) A B AU 2 A0 A TR TR 4

-
(VR 87 % 3% 1% 1% 1% 1% 1% 2% 3%
1 11% B8] 1% 1% 2% 1%
2 12% 1% BIRE 3% 1% 3% 1% 1% 2% 5%
3 12% 1% 2% (PR 1% 1% 1% 3% 2% 5%
4 11% 1% 1% BEEA 1% 1% 2% 3% 1%
5 12% 1% 3% 1% 1% B33 1% 1% 2%
6 11% 1% 2% 1% 1% EERE 1% 5%
7 11% 2% 4% 2% 1% 1% [EE3 1%
8 12% 3% 2% 3% 1% 1% 2% EERY 3%
9 13% 1% 5% 3% 1% 2% 2% 2% 80%
o 1 2 3 4 5 6 7 8 9
Predicted
(b) B AUEH S ISR B TR R
0 EEF 2% 1% 1% 1% 1%
1 11% EBRA 1% 3% -
2 11% IR 2% 1% 1% 1% 4%
3 12% 2% 1% 1% 3% 3%
4 11% 1% 1% 2% 2% 1%
5 42% 1% 2% 1% EI3 1% 1% 2%
6 A 1% 1% 2% 1% (S 1% 5%
7 11% 1% 2% 2% 1% EIA 2% 1%
8 11% 1% 2% 2% 1% ElFA 1%

9 412% 1% 2% 2% 1% 2% 1% 1% 1% [ERA

o 1 2 3 4 5 6 7 8 9
Predicted
(c) C A BEEEVNZrA: R A FE

K13 SR AE BRI S A R R TR A

r0.4

r0.2

0.8

0.6

r0.4

F0.2

0.8

0.6

- 0.4

F0.2

= Train accuracy —— Test accuracy
lgggg 88.71 92.42 __9_1‘66
80.00 T 90106
< 7000 7648 85160
< 60.00
¥ 50.00
£ 40.00
£ 30.00
20.00
10.00
0
A B C
Ak
K14 3 éﬁiﬁﬂ%%rﬁﬁﬁ%yt&ﬁﬂéﬁl‘é‘]
. -
R 5 e E GRS
Model § 7 Accuracy (%) Training time (s)
LeNets . 79.10 764
% GoogLeNet 86.26 895
¢ VGG-16 83.77 783
Alexnet 81.18 855
XGBoost™ 89.52 —
SVM-PCA™ 33 _
Wide ensemble En10" 65.8 —
CNNBL 90.06 146

343 YRR
T 38 5 R A

Incremental-CNNBLS % bt 9256 20 #1
Incremental-CNNBLS 5256, ¥

GTZAN H 400 /™ E 5 1F 9 14 2 I 2R B 0 N fan N\ ah
H, Jbl R 200 5% B SR B AR A, K TH R A AL 2
FEIHER R AN ZRI KA T LG S50 (1 1 BE VAR FE 5.
TN S S A2 AP e X HLE5R I 6.

&

6 BRI B H

Model

" Accuracy (%) Training time (s)

LeNet-5 \

\ GoogieNet
. VGG-16
Alexnet

Incremental-CNNBL

82.33 1396
88.76 1454
85.20 1483
83.96 1862
91.53 175

M 6 Bl T LA s I 400 MR Ja, %

PR 5 2 R —

H 800 H ¥ AR, A ) HER R

FIYIN R KA A BT 5, Incremental-CNNBLS #E#f %
J7 TR 91.53% MIHAERA R, &1 15 Brs VR G 1 R ]

LA Hh L e R

IrIRAETT, BEWE A RO FIIRAEAT X

77 [E A} Incremental-CNNBLS Y2k K FEREE
KA AR, A FEfh P25 1/10 A2 A7 BRI 8] gk ) 3k 75
91.53% MIHERA R, X EESLUT UM R A K.

(1) 2. CNNBLS MZAUA RN RHE T
2 WRERAT R Z A Z 4 585, ERRAE Y AR
CNN W ZHAH 3 )2, M HAMRER FE R 2 25 /0 0] 8 J2=

(LeNet), 2 lj 22
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(2) ZHUD . RFE S 2] H AR e KRR S 5
M SR SRR M T R 28 95U, 1 CNNBLS JF%
AT ERA ST EARREEESH, LA B
CEE AN i P A0 LR X 48 20 B DA R B

(3) Dyl 5 F A F AR, CNNBLS #] DL T8 |
P REATHEY ), £ 5. & 6 UIZRI X T WL, H
W% T Incremental-CNNBLS, At 5 AR ZE N
1 55 3G B30 5 IR 8] L2 T 1 %, RERIX
4 AR5 Y D0 200 F I 58 X 4% 3k 800 AN HRHE, T 1
2 Incremental-CNNBLS #] P is O o 5 H 5 0
400 A EHE 7 2 HALE DU AT 2, 6 T ORI 2k

800 M. IX LA E Y VISR S L H AR B Y 5

AR 2.

[V 93 % 1% 1% 1% 1% 1% 1%
2% 0.8

1% 2% 1% 1% 3%

3 11% 1% 1% 2% 1% 2% 0.6
= 4 11% 1% 1% 2% 2% 1%
=
<5 {2% 1% 2% 1% 1% 1% L 04
6 11% 1% 1% 3%
7 11% 1% 2% 2% 1%
0.2
8 12% 1% 1% 2% 1%
9 11% 1% 2% 2% 1% 1% 1% 1%
T T T T T T T T T L 0
o 1 2 3 4 5 6 7 8 9
Predicted

K15 8 EEM Incremental-CNNBLS E i TRVE 4B RE
3.4.4  ANIFIHOS R KOG LE SRR M :
ARSCAETCHY F AR CNNBLS A1 #4521 Incre-
mental-CNNBLS,_E43 0L T ELU. ReLU. Leaky
ReLU 037 B 4. 528 25 L 7 I 8.
%7 RFBGE R EO T4 B CNNBLS fi

Activation function Accuracy (%)
ELU 90.06
Leaky ReLU 88.54
ReLU 87.46

F 8  RIAIPIE B HOT T Incremental-CNNBLS Ff 521

Activation function Accuracy (%)
ELU 91.53
Leaky ReLU 89.33
ReLU 87.91

94 R4 % System Construction

f 2 7 AR 8 HudE Al W: o iR oY R AR AL IR
B EIRL, SR ELU BOE 08 00 7 SRS B s, 20
SRR I BB 53 3RAS T 90.06% 91.53%
(IAERfR 2. {8 ReLU W0 bR 2RI A5E BY 11 43 SRS FE e
/IN. 5 ReLU ML, Leaky ReLU Al ELU #{ AE i th 7 4
N B #22 JOIRFE R 1] @, (R ELU A 72 0
FUREIE, Br TR S M Re S50, R 7. 3R 8 ISLES
WAE B 7 AEBAE N ELU 0 o8 $ e #4132
LT (1) 73 R

1

e

4 dhiblEE

RSO T R AR 8 . R
RTIIBE 2% =1 4 S 704 J EL VI 5 I8F - 1 i L, 4
T T AR S B A B B 2 5D 0 3 SRR IR 42K
B, — 7T Id SpecAugment FENL G B R 1E W
7 K SR R AT P A I 7, SR AR )
A1 L 5B — 5 HE I ELU B 0% CNNBLS H1
B RV R AT DIV, A A5 RETE A5  B 1 5 KE f . 0
Hb, /B 1 2 SR B0 10 5 3 8% 0 Ak 75 9 4% g ke
B 3 S, Gy 398U [V 955 0 5 T 39 AR BB {1
S5 SR A% S R TR 5l L 2 2 ) A
7 GTZAN B¥5 45 btk 47 5 b s o6, sa6 45 R 0,
CNNBLS 7E# SR IR 70288 0] b B A 4 s R i 2 A1
A A ). TER A CNNBLS ¥ 4R 42 GTZAN
FERT 146 s 35453 90.06% 115025 MM 2, 76 L 1 &
*ﬁﬂi}]ﬂf{%\ﬁ%ﬁ)ﬁ g E A Incremental-CNNBLS
FERIN175 s AT3E 91.53% 14> KUER 2. 36T Mg /R e
BRI A 55 1 25 ST 3 SR TR 4 SRR A 1R
AT, T2 54 RIE CNNBLS [0 35 LU
T AR RN )R 5 4 S
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