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Abstract

In the context of the digital era, the development of music information retrieval technology is chang-
ing with each passing day. As one of the core tasks in this field, music style classification is of great
significance to improve the performance and user experience of music recommendation system. In
order to accurately identify and classify music styles from complex audio signals, this study de-
signed and developed a CRNN-Transformer model based on hybrid neural networks. The technical
innovation of this paper focuses on the key improvements of residual neural network module (RES-
NET), bidirectional gated recurrent neural unit (GRU) and Transformer module based on CNN algo-
rithm. Firstly, the ResNet module is used to enhance the ability of the model to extract features in
the spectrum space, and the gradient disappearance problem in the deep network is solved by re-
sidual connection. Secondly, the bidirectional GRU module is introduced to better capture the tim-
ing information, and the model’s understanding of sequence data is further improved by consider-
ing both past and future information. Finally, the Transformer module is integrated, and the self-
attention mechanism is used to model long-distance dependencies, thereby enhancing the repre-
sentation ability of the model. In this study, Mel-Frequency Cepstral Coefficients (MFCC) of audio
are used as input features for feature extraction and time series modeling. The experimental results
show that compared with the traditional CNN network, CRNN-Transformer improves F1-score, Pre-
cision and Recall by 14.8%, 16% and 13.7%, respectively. In comparison with other mainstream
models, each index also achieves the best performance.

Keywords

Deep Learning, Music Genre Classification, Transformer, Timing Modeling

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

BEE B R AT Z AR R, & SRAEIRIZET R R M SLRIE B #E R IE A & . AERE IR
TEAATIT A 2015 £E1(12) 150 1235 703K 5 2020 4E (114 430 123570, FEEAEKE N 23% [1].
1M & 5 S (Music Information Retrieval, MIR)#2AR T sl B BRI R il & & R T IEIAZ O o 7EIX—41
Wb, 3% R A% E 52 35 (Automatic Music Genre Classification, AMGC) & — ittt H. 45 56 5 3 (14T 55 [2] -
FHE B RS 7 R B R IR BT & SR A 20, TR MEME S R RS, SRS RN
R DA S5 R SO AR TR R A

SR, SEIL A B2 00 25 O UG 1 3l 2 R IG5 BhAR[3]. 2k, &R EIE S BA MY, K
RN Ra e SR, e T NS, TR, MBS L ZRE R[], K, BRI IE X
B B R RO S, AR I, SCA AN g s B 6T ] — K0 R B A T e AR AE 22 57 [5] o IR MR 3
SENFUEZ G 5 Faor bR U U XURS 5 HE AR A5 A5 Ay PR 3

H& 4 AMGC 2K T F T i 1975 22Kk (Feature Engineering), 40 /R 4 % 51 1% 2 %4
(MFCC) [6]+ /NEARH: REL[7]55, HEEB LRI E ] 8L . Hrf, M/RREE 280H T
RERS A Rz 5 IR, BN T N HBONT IZ IE 2 — . R IR RS T — & 3L, EHRIR M
WA HE. —J7T, OB A AT RE R T I FE e, B DU RS 7 AR R AT = 2R )
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—J7 T, IXEERHIE R R AL BE J1E BR, AELATE 7 i HE 8 AR iR 2 R 545 B DA SR ] ROBE B 1R 2 2R

RS S [P D6 8 IR RS 0 5 R 1 i P ) AR 58] REIE 5 AR 42 M 4% (Convolutional Neural
Networks, CNN)7E H 527 > 3 S48 B (Wi 2R 1% & Mel-Spectrogram) (1= 34 45 (RS AE 5 T R P 0, 2
FRRAR T T LV 5 S E TAEAMKHE[9], Venkatesh &8 A3k TH@id i FH Keras Y255 FH 104 W 4%
(CNN) HEAURAE & SRR 7 KRG ERR I, 25 RUER T CNN BEBSE HERR 43 28 8 SRR J7 T HUAS 1
FIN, TR BT B B RS L N T T R TS IR AL [10]. A H L TR ML (Re-
current Neural Networks, RNN) A& AR & [ 145G 34 5170 (Gated Recurrent Unit, GRU) A5 AR L5, E7E
B R A5 HIRT 8] 7 5 Sh A P77 TR DL T AR [11], Guo %5 Nt #4422 2 A5 AN 42 I 45 (CNIN) FIJE 1 44
Z M4 (RNN), SEIL T & AR FUIR I B 3R AI[12]. HICIR /2 CNN &2 RNN, A 7R HE & AR R B 5 oK
4R B SUE R I, ReIUa R, 3 AR RURS R T R T ey “ AR AN R B
o Z IR IR R DA SRR S5 K . Yang 55 A [13]i@ 1 454 CNN HI RNN, £ H T {8 F 47388 3 44 128 A5 AR
LW LEARAL,  ESR AT DLER i )P B SR MR RE, (R AZTERFIE (S B AR EUAS 2 1 1)

ITAER, Transformer 588 45 £ JOBIURR (1Y) F v & 7ML (Self-Attention Mechanism), 7EALEE K751 LA K&
TR A RO R 07 T #2 5 H BL RN R 71 [14] HA O ARATE T, Refe IR T 57 5 R R AN TR 2 1A
FIFR SRR, BRI JCERALEF A R I B ARPE 20 . 1X—8EELE Transformer 78 B 2R 1E & Ab 2545
WS T R . 5UCFER, {5 Bh Transformer 3274 & 55 XU /- R IHERA S, ECH T 48T — AN
(AR 5E 77 7] . Huang %5 [15]38 i 2 R Transformer IR R IMLE], fRde 7 8 5 AR KR 21 RS0 )
NJES: Transformer 763 S XS0 SRR T BE5E T #ahll. Zeng Z5[16]42 H T 18 F KU 5 BT 5 5
R, IFEREESE R FEZEE TR RAIRNE 73285 4 N E IRERARATE 55 EHUSAR S . Bk vl I, 58K
(AR RE 7 il TR o XA 3 2 (K B B RN 42 R (5 5 B i) R L 3 ) RS

JRUE CHUFRE R, (AU 5T 51— 20 VR B 2% 2] IR AEAS 2 -

1) CNN HEAY (R 35 AE T H BRI 0 (] (R RIS 48 FE YRR, SR1T 52 AR R/ N RS2 BT IR R ), CAE
AR PR B I A0S 7 TR A7 AE R SR o 170 AR XU R A S AT AT 20 T o ol ) A &6 4 (G i
2. FW @I MZEN GRS )2 .

2) RNN/GRU #:%8 B0 b Re g b FAT K BE R T 41, ABAESEhR A o, JEH R RS K741,
2> HBIURR B T S MU o) 8, S OHME DU 00 ST PR Bl . A, L R s o BR ) T 5
R, MELLASRIIEAT L

N T TR R R R, IR IR S R S AUE S i 2 RS B . A K
S RAEJRRR), RLHRE T —FRAME M58 CRNN-Transformer. iR Qs bR & 1 =%
SRR L8 404, LL 128 x 216 4 MFCC NN, 48 U285k 2 67 2 (5 4% 1] Dropout 1E ML) H2 U
W ERRAE, it 256 JHIHE m ZURAAE (16 x 27); 4R TTEIEXUR GRU iR 7 A, KA Trans-
former 2% # (nhead = 8) S HLES IS [0 BT INAL, B4Rk 128 4E 3 SRFFIE R & . fEARTT T, AT
CRNN-Transformer 5 AlexNet. M2D. Wav2vec2.0 5 HAB/E GTZAN Fl H @34 kT T Xt LL,
S 45 5 5 ok CRNN-Transformer 7 Fl-score, Precision, Recall =/ MEhr FIES T RAEMERIL, M
T4 CNN f4%, CRNN-Transformer 43 %#E Fl-score, Precision, Recall =AM&ks LIRTHT 14.8%,
16%, 13.7%.

2. RSB EERY

M /R A 2 4501 22 %k (Mel-Frequency Cepstral Coefficients, MFCC)/& —ZH @ i Al N H- W it 1, 4%
BRIV Sy BT R AT I BT B (.28 1) R R AIE o e R — FPSROR I T, RSN 4 1) SR G A
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WORRYE . A RCEAT & NI RFIL R, i & A B 05 5 PR U R R A . Bied% O FORFAE R
NITIEZL

Hg IR BE R BT FIE N Je X RS BIRIE &5 ST U B ALY, FRRE R 20 R it
FEOEE WA N B BR K, B AT DR I AR (FFT) AR IS 5 05, B35 M A 0 8 e 6t
PRI, WS IHREm AR Q)R-

Mel(f)=259549(1+;£6j (1)

i i 308 T AR R R I A 2 AT AT D, 1S B AR A, SRS M KA B B DAL FE A R 2R
MRS, BRI T E HR 2 AR H(DCT) F R AR R E, 15 BUH R AR 300 250 1HE e
KQ)Fw. H, L2 MFCC REM %L, WHE 2~13, M 2 =g a4,

c(n)= gs(m)cos(W}n:LZ,m,L @

R BB R B SR B R I 1] 1 s -

'ﬂlhlulhlhlﬂllﬁgﬁg' mme  —( owmm >  rr ) mrmmms )
|
(mrcemmen )—( mussmmaoct —( wmian )

Figure 1. MFCC extraction process diagram
B 1. MFCC ZEUZ 72

Figure 2. Mel frequency cepstral coefficient plot

E 2. Hp/RenER g R E

FEEH R AR 73 RAESTH, MFCC REWS A R & M5 5 IS G AR R AE, X AR5 ¥ R A &
FHiE WREEABRVERVIMG, JRsh e M B4t 7R AT A KYE . ASF & R FE MFCC
AL GETE A LA AR R 2257, Bilhn iy $835 R 1K) MFCC 3k T RER I BN 22 1A .25 AL

DOI: 10.12677/sea.2025.145088 988 OISR


https://doi.org/10.12677/sea.2025.145088

HYLC 4%

RATRERR AN, T RRIR & AR W] e A S 3 5 IR s U 0 R SR A B 5284k, IX A4S MFCC O X 20 AN
[7] 5 % ARG 114 F A
FEARR ST, FATRIBALE L MFCC YE ARSI NRFE, ail& 2 P

3. CRNN-Transformer ;R & #HZ ML ER
CRNN-Transformer V&g & 1 28 WX 25 AL JE A AT 6 35 SR RS 43 S S5 1R B O T e 20y, Editw)

=)

T A BERRL ML (CNN). XA GRU. JEM 2 /45 (RNN) AT Transformer 75 H 105, LA 5
— R AL P IR AU S I AR R IR . AR SN B 3 i
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Figure 3. CRNN Transformer model framework
[ 3. CRNN-Transformer X BIE%2

AR R ARG RSN - N PR - R ORHE” B A ERE, E e R E G B A M
2B MFCC RFAE B EAT VR FE 2 (AR AL P24, A0 v 1 Joy B S BLAN A 1 s Pl ad CRU X
Fe 9\ B AT Sh A A, BN S A5 5 (IR R4 B2 P A e A8 e 5 i i B Transformer 445 (nhead
= 8)SKELES IR R L R ATInBL, T SEBL 2R & R BRI BB & . XM ZRIR. 248 IR AL
Jia, AR RE G R IR B R AR SR BE D i ELEAT P B KRS R AL, DA TERA ) 35 2 XA
UES= NECPIPEL S

1x1 Conv |

(a) (b)

Figure 4. Residual block detail map
4. RERMTIE
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3.1. ResNet &R

7t CRNN-Transformer 78 &4 i1, ResNet #i[17] (residual block)# F T+ i A () MFCC 454 &3k
ATIRPE 2 (R RFAE SR . X IEHCR FH A & 2GR EN IR Z on g, B/ MR ZE Gl A s =4
BRZHER, B2 3x3, [FRE &4t —1k(Batch Normalization) Al ReLU #0& eki %k,  LLINGE
W LGSO aR AR R RIARE Ty, W 4(@) . Bk 22 B G I N R4 H AR R ST s T 2O — L
B, @il 1x 1 BRI T4 UL, A ORBRIOER IR SC B, anll 4(b) R . @it 24Nk 2% s oo
#Z, ResNet fSEHLEEMEIZ 0 FEEL MFCC HREAE B AR 2 31 s % i AT Jo SRR A, Aotk A0 {i . M8 1
BESHEMTSORE S, S5 SR PP AR AN 4 J5) SR 3 BT B U S I R R R Al o

ARG, AR T W5 2E8 2 (5 257 Dropout IENIfk) 450, L% B oo S A FRER
IR, S BIEIRIUS, KE4A 1) MFCC FHE B Ak oy B A 256 0IE i SO e, RS
16 x 27, BROREE 1 OCBRAIAE S M5 5, SO T RHIE 4 B2 (A 80Uk 4 -

3.2. WE GRU #&k

o H O——@— 7 -
S o
A I e O e |
| %D :ﬁa © |
o~ | '
e
| U

Figure 5. Internal structure diagram of GRU network
[& 5. GRU M4 EReE &

XA GRU (Gated Recurrent Unit)#befE y CRNN-Transformer 74 i 55 25 (B 45 4E 5 I e @ AL ) 5%
BRAHAF[18], B EMIEE RIE SAER 4L ERBIAE A . GRU Z/E(E S RNN Efill EALA T K 11
I AR, L2 s g ] 5 Bs, il 51N BE B 1(Update Gate) F1 5 & ] (Reset Gate) i [ ]
FERLE, AR T RNN ZEK B Z5 A T I R FE Y 2% RO o) L, [RJRF AF G LSTM (Long Short-Term
Memory) X 48 4514 51 73, THERCE s BARTT S, ST T 6l a0 — i 20 0 BseiRAS (5 Bt fr B 3
MHTE ZIRR RS, R SR B RS S SR, R AR ) A TR R AR AL,
TEWM ARG ;. EEITURE 1 W el B T — B 20 B isUR A R AR sk BBk A, 35 Bl 2% 567
MRS DI AR B, KB A AR @) Fn. EEE 5 2 0 BRmeik A fl
&, BEA tanh BUGREL (RS BMEILRSHEURA, Kt E A AG) s, &%, BT
f HE SR R 2 BT RRBRR A A2 R B AT — I 22 () RO IR 78 0 2 B T 8 B R BRI ES , it Bk A=K
(6)7 o

z, = Sigmoid (w, *x, +u, *h_, +b,) )
r, = Sigmoid (w, *x +u, *h_, +b,) 4
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h' =tanh(wxx +u*(r, Oh_;)+b) 5)
h[=(1—zt)®ht71+2t0h{ (6)

b, w, o, BT IR SEORUEARRE, w, o u, BRSO, w u SRR AR
FOBCEAERE, b, b, bR RRE IR, OFRET AT,

BRI A RIS T, HRE SRS RS, ERSEETONFDAEE, W
ZPAB A e R AR B8 L AR ] 55 B IR 30 2R, S Bt AR T Y ) 51 35 55 U 28
SEAF L DU GRU IR M1 19 1E 1 (M T 86 31245 550) IR 16 (M B TF ) P A 7 04 N 1
TFUEHE, RS AR 5 S R AT P bR SCAS 8, AT B AT M 4 35 515 2 E N T i - e
F. b0 GRU MG, 4 I R 51 RE (R B T ResNet SRR #b s MR AEAN, U T
TS SR L E E BN S, RSBl S KU (TR 2 B2 T IR SCHI A 3

3.3. Transformer ik

7£ CRNN-Transformer # %41, Transformer S/ ATHESEH), H1TT6 XA GRU % 1IN HRE 7
FIREAT A JR R A, LA & R A5 5 S AN (R D I KRR MG B BRI =, & E g e GRU
o H PR AE 3 270 3R AT 4 5 7 B 4w i (Positional Encoding),  Jyfs AN ) 252 (AFAE 1) By N B AS R
B PR AB TR B SR N PP BRI IS PP o Bl S, it 2 2 HEZ Y Transformer Jmfdds(fi— 202 LAER
JIF IZRET A2 R 2% J2) SR AE B AT VR FE N T o 223k F Y 2 U@ HAT HAT 2 A A H I E vE
BATREL, BB DA R 1 3R 723 () o 2 ) B 2 FEAR IR QIR 2, AT B8 4 THT R Al 912 355 S XURS AF DG 11 4
JARHIE, WIASR SR B (R BB IR R 15 23 284 (1 8 2 5 0 4 DA SRR SR S ML AR B 5 55 . ATIRA &
R 288 DI 6oF 28 3o VA T ISRV RRALE [v) B R AT AR B MR AR RN A8 B e,k — D B i R RL R R AR A R ) o T
x5, Transformer FEELEETS A RUCE A K 11 ResNet (R AT AFAE . WA GRU HIJE IR 7 s 545
fiE, FHTEULIEA EAYHI & SRS 5 A R REOC RIS, S 2 B S i M 1 2 3 R XU AR AAE 1)
B, NEEEM AT SARAEE /)3 E . Transformer 1 HARZE R U114 6 Fios .

Add & Norm

| Add & Norm
Add & Norm Multi-Head
Attention

Add & Norm

Masked
Multi-Head
Attention

Add & Norm

Multi-Head
Attention

Positional Positional
Encoding ? Encoding
Input Output
Embedding Embedding

Inputs Outputs (shifted right)

Figure 6. Transformer module structure diagram
6. Transformer #&REEHIE]
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4. KEERSH
41. XHFE

AR FCIE ] Adam NEETURAL S, ) RA 1e-3, MEIEIN Se—4. /MILEK/INN 64. FTH LI HR
TERC 4% 13th Gen Intel(R) Core(TM) i7-13700KF (1] CPU F1 B4 24 GB A7/ NAVIDIA GeForce RTX
3090 GPU AN ATHEML BT
4.2. LHRRE

AR FEIE F T 200 AR RS o 2R 2 A ) GTZAN B A B i Bs e /E v i it . |
T ATEIE SR RIS EAR 42 5 B B HOHR B2 3l A7 CE AT AR 20 AT AN 387 DL B RS AR 25 OISR S5 1) R, JRA1T0E
PRAEK T SR S N R AT AR BB . X — 35 BRI IR T T S ISR B E AR R —
H, MWIMAREN S — ot 5 BAR AR, FFEA RRUE LI B AP SEER I T SE 1 . Hl Fisk 2R

FRE 7 s,
R 7K RO
@ D g"\ E
Wk A
GTZANAL 4 s
Kt
1Y,

WL TE 54 ALy i

\:Il > o — R A

s gt R

il <=

Figure 7. Data preprocessing flowchart
B 7. iR RiZE
4.3. TR

9 7 %k CRNN-Transformer A2Y (1)1 RE, FRAT30E FH RS B2 (Precision) . A [ % (Recall) 11 F1 4 £ (F1-
Score){E AT HabR. Hordr, BT Fl-score BELR G M tH AR AL TARFAE IO HRELRE /1, BT AEASCH, ARHE
Fukt LA Fl-score 1E Ny F EHIPFAN R bx o

KB (Precision) y:
Precision = ™ @)
TP+FP
A 15K (Recall) A
Recall =—1* ©))
TP+FN

F1 4 %(F1-Score) y:

Fl— 2 Prec_ls_lon x Recall ©)
Precision + Recall
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HIVEVE FERE AT &, TP AR LT A o3 — JOM AL, RV SEBRJ& T80 HAAEm iR IR R
A FP RO R R HAR 0 O RE A A 2 0 f B, B SEBR AN Tz 20 20l R4 9 i 2600
IFEAS; PN R BRR BE IEAA R0 S Tz AE A, R AR A H A SO i B . TN JU 45
R LA AR T2 — S IREAR KL, BISEPRANE T 122850 EAEmHERR AOFEAS . TRIBFEFEIE 1
Fs o

Table 1. Confusion matrix

=1 RIBIEM

. ot £ 5

Sk il 5l
1ERI TP (EIEH) FN (i )
Jz A5l FP (iRIEH) TN (E = f41)

ARRSEI R, TATE 2 B ERAE GTZAN Bl 4280 @4 4 BT 5 XS 8 MRS 1
FE. AEZF FL 04, FE0 & DHE AT 256 EAY, LA & CRNN-Transformer 5204 75 A [m] $ 4 42
PR AR Sy 2 R ARG 25 28 0 T AR KR TR
4.4, jHRHSELS

N T 5AIE CRNN-Transformer £ i 4% 0 i B (ResNet #52Ek . XW[A] GRU bk, Transformer FHe) st
T ARG R BRI TTER, AP AR T — RINERLSEE, SEIesE Ransk 2 iR,

Table 2. Ablation experiments
2. HALSLIG

CNN ResBlock GRU Transformer F1-score/% Precision/% Recall/%
\ 61.1 62.5 59.8
\ Y 65.3 66.5 64.1
S Y S 70.1 71.5 68.8
S Y N v 75.6 78.0 733

HE 2 T, YRR AL A JE A CNIN BB, Fl-score A 61.1%, 3 WIAUK SRR A28 X 48 SR LK
JR AR, AU AR R B 2 KB AR, MU R B S R IR R B S M A R S B 1
HHEEAE EANN T ResBlock #5kj5, Fl-score #7124 65.3%, XIKE T ResBlock i it 7k 7 1% e 2 bk T
Fen IR 28 2 E LA SRR fE SR RE S 00 R, BE8E T 78 73 M2 48 5 SRS 5 10 R S AT 40 5 RFAIE

255 AXUA GRU #ERJ5, Fl-score &% 70.1%, HIXUA GRU R AEF L35 i85 5 I 7 3h
AR THORYE T ORBER, @ T TR SO T & R 23 DRSS BE R (R AR A AR AE,  ORAR
T CNN HEHAE R P A AR A2

BN Transformer B35, #5784 (1) Fl-score &35+ 28 75.6%, B CNN. ResBlock F1X{ ] GRU
PIRERRTE T 5.5 NE 4. X 45 RAMEN T Transformer BEEZESSHR 3 RS 5 KRG M5 B IR
FEE, H 23k B R INLH R A RAm A R [P RHIE 2 R 4 R ORHE, Wl AR AR B L 1
I AR L, TTRE— B RS R AT AL . I Bh AR S 4 R G ML, AR AR 63 AR R
PR 500 R 7045 305 1)K ER

T Tk 328 A VR NS A% OO BB R S 86 25 X b, JEMTHL R R T ResNet BEHt. XA GRU BELHLRI
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Transformer BLHAE CRNN-Transformer #5241 228 . WhIEIE S E/E LI, B0UE T S BIHAEAE (1)
TP S FORH AR R RE R 1 BRER T 11 55 TR

RS, S AR A R SR ie FAn gt % B,  CRNN-Transformer #5784 5 i & 204 f B [RIVE
ST R R AT RAE R P 3l S A R 45 H S B IR RS, WA R T T & AR XS 2 S HErfa

45 TEHERIZE GTZAN BiEE _ FRIXTEE

N T B CRNN-Transformer FR4E 5 55 A% 73 A S5 L IOER G TERE, AW T 1 2 AT 4
BN HARFMEBALE GTZAN SR 4 AT T X Lharss, HARN Hgt Fanse 3 R,

Table 3. Comparison of CRNN-Transformer and other models on the GTZAN dataset
% 3. CRNN-Transformer 5 E 1% R 7E GTZAN HiEE EAIFIEE

LAY F1-score/% Precision/% Recall/%
CRNN-Transformer 75.6 78.0 73.3
AlexNet 60.8 62.0 59.6
M2D 51.5 52.5 50.5
Wav2Vec2 62.3 63.5 61.1
RNN-LSTM 66.9 68.0 65.8

FH % 3 A &1, CRNN-Transformer #%7E GTZAN %#545 1) Fl-score 23 T HAth xS bL gl . o,
FHECZ B[] AlexNet FBIFEF T 14.8%, X3 BIASCHE HH VR G IR 248 LA 75 8 SR RS REAE S i) 4 Tl
FEAWRERSE; 5EETHEMSIEN Wav2Vec2 AR L, Fl-score i 13.3%, JGUE T 456 405 40k
1) ResNet HLHL 5 F AR5 5 A FE AU Transformer EHLTE 3 IR KU 73 AT 55 Hh RIS IS S VI [ 800 AHES
FFERE T 2 RNN-LSTM %!, CRNN-Transformer ] Fl-score $27+ 1 8.7%, Al T GRU 5
Transformer 41675 I 7 RRAE R FD 42 R R R b ) E AR5 . Ak, M2D A8 il T~ L[] 2 B4R S Y
Ji, EERE R BEH PRI E, #— PR T AT Z ARG 2 4 RE A 3.

25451 =, CRNN-Transformer 17 f& 1)) ResNet. X{[a] GRU £l Transformer ()4 2kft &, S<l 1 6%
IS T R R RS R A R A MR IR I A T AR, R TE R AR S e e IR B T M AT AR
KFo

4.6. FEREEBBEBIRES ERIXTEE

AT 3 — B EE CRNN-Transformer #5875 52 Fr B F 375t Fh B2 AL BE 1 AN ke e e, ARVt 7L R FR
1 HEHIEE 5 AlexNet. M2D. Wav2Vec2. RNN-LSTM ZERE R LEIEAT T MERRIRAY, Scihss Rinss
4 FiiRe

Table 4. Comparison of CRNN-Transformer and other models on self-built datasets

%% 4. CRNN-Transformer S H #8175 5 2 HIE&E _LRIXTEE

LAY F1-score/% Precision/% Recall/%
CRNN-Transformer 77.4 79.5 75.4
AlexNet 62.8 64.0 61.6
M2D 50.6 51.5 49.7
Wav2Vec2 61.8 63.0 60.6
RNN-LSTM 68.2 69.5 67.0
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17 4 A1, CRNN-Transformer #5284 7E F @ 585 48 b 0 & TN TR AR5 B35 00 T oA Xy LBzl . 3
1, Fl-score iA% 77.4%, Precision A 79.5%, Recall 5 75.4%. X—455 %8, CRNN-Transformer #i7!
B @R E LRIYE GTZAN $dise Fi@HiAR—3, #—PRE 7 HAENFEIE S s
R Az AL RE

R HHE 4R R T FF A SRR B Wl S B 355, KUK R0 Kl 40 SE A, A AR [A] ) KUK 22 S AR R ASER
SRR TR RO REAE SR EURT 4 1l e S 3R H T B s B . CRNIN-Transformer 157 2 ft DLREAE 1% 50 48 EBUS1 57
PERE, FEHE T IHAE Y ResNet AU Z AR A0 15 RS HERTTE . XA GRU X & IRBIASE 7 1A 2L
B, LA Transformer BT 4 &) KUK RFAE SCHR IRTR FEFZ R o 45 ) 2 AE AL B B B2 3R B A7 A2 11 XUk b
AR REAR AT AN SE N, BRI IS 2 RIVE R S AR RN AN [R] XU R AR B R
ik, AT S B A A 1Y) 0 SR AR

X R AR/ ER, CRNN-Transformer # 8 AMUAE ATFARAER 4R FRILH €, 7ESTBRI R I 2%
R AL bR A 2RI B 58 KUK 73 SRR T, 8 SR A 2 AT S5 AE LS s ) S S it 1 38

4.7. BEEES W

AT P47~ CRNN-Transformer BB AE & 5 KUk 73 28 A AR B AR I, R Il AL 6 3R 6 JXUks 2 [
RO IR, BAE GTZAN Ha4E FAE R TIREMFE, W55 5 Fim. IZMMERIR TR AN E Sk
R AR S ) T 4 A L, P AT SRR ESERRZE(True Label), 5138 7R Pl FR%5 (Predicted Label), X
FLICR TR IEM D RIIFEARE . GTZAN HR4EM S 10 N & R XMZI: blues. classical. country.
disco. hiphop. jazz. metal. pop. reggae Fl rock, F RIS 100 MEA, it 1000 MEA. HE
Il PR A 2 7 A . L S S A TN 9 5 B 28 B RE AN B, S IR 3 2R FE AR 756, BEARHER 2 75.6%,
51k Fl-score 2845 kr—%K.

Table 5. Confusion matrix on GTZAN dataset
5 5. GTZAN ¥UiE&E LHR B EE

Pr-(le-gilijc?t\e d blues classical  country  disco hiphop jazz metal pop reggae rock
blues 78 0 3 0 0 5 0 0 0 14
classical 0 85 5 0 10 0 0 0 0
country 8 0 72 0 0 0 0 10 0 10
disco 0 0 0 70 10 0 0 15 5
hiphop 0 0 0 10 68 0 0 10 12 0
jazz 8 7 0 0 0 80 0 0 5
metal 0 0 0 5 0 0 75 5 0 15
pop 0 0 0 12 8 0 0 74 0 6
reggae 0 0 0 8 10 6 0 0 76 0
rock 0 0 3 0 0 0 12 7 0 78

7 5 A1, CRNN-Transformer #5457 classical ZE5I IR A RUR fefE,  IERE 2 BFEAZUAF] 85 14
Xf jazz A1 rock ZEHIHENRCR BN, X BT PR AR e KUk 2L A AR R AR AN AR AR, 4
classical & 5RiEH LASZARAE R AET, BIHEEBO PRI B IRE5H; jazz W58 TERI
HZEME R, X ERHESE MFCC I N RILEZE, T ResNet BEHFRHUR #4074, Hodid

DOI: 10.12677/sea.2025.145088 995 OISR


https://doi.org/10.12677/sea.2025.145088

HLC %

1] GRU A1 Transformer i $2 K 2H 24K # .

AL, BEBYLE rock AT metal 2851 FAFAE — B FEFEIRIE, rock R A 12 MEABE R FN metal,
metal 25 H A 15 MFEARE IR AN rock, X 2 B SR 35 B 05 Y LT R B S AR R T 2R
SEEHET A — B ES. HUILnT 0L, BEATERE X ARl XS (1 40 5k 22 S T S 23 1) o

AN, country ZBHIF 10 MEABR AN pop, 8 MNEEAKLIREFIA blues, X A]RE AL HT#4) country
RTINS IRE(WNES . JEEE) S pop & RIS M blues & SR AN AE M AA4E — & L1,
S A RIRLE 4 Joy AR AE S T R I H B 4 2 . disco 5 hiphop &5 (VR A W] &2, disco H A 10 A4
FEARE % #24 hiphop, hiphop H17 10 MEAH R FIN disco, IXPHIEF ARAE T 28 8 s AT st =X B igAH
L AT B2 S BURIE I R A

BRI S, B HRRAE 22 53 8K 1 KUK 28 51 (U classical s jazz) 73 SSHERA I i, 10 XK AR AE AL
1 SRR 290 (0 rock 5 metal. disco 5 hiphop) (11X 4> B8 16 fipidt— D158, Ji5 S nl @it 5] N SE 4k
JEE I RS RRAE (U0 SR G RHE . SRS RBURFE) 8L Ak Transformer A5 (133 2 J AL R HE FHASE 8 56 AH A
K (8% ) e
5. &g

ASCHEH T —Fp%ET CRNN-Transformer VR & #1148 I 28 5 0k Wb 73 K077, 1% 77128 1S ResNet 45
PR SR R AT P (10 5 3 2 TRV AIE , 1 XU E) GRU B4 48 A /7 5h A 454, B Bh Transformer
B R4 R R O R 4%, SEIL T Z4EERHER A B & . SEI0SE R, 75 GTZAN HlE4Emm A
R b, AT AL Fl-score 43 HiA#] 75.6%A1 77.4%, 145 #48T AlexNet. Wav2Vec2. RNN-
LSTM Z5xF EbAR T . Wb s2i6 thI64F 7 ResNet #5Ht . X GRU #EER AT Transformer A bR 7E $2:THAR R 4 B
H P FIVE T, oH Transformer FEEROGT A% SRR AE DG I ) ST IS B AR A0 37 20 SRR I SRR R 32 . W
S5 FHIESE, CRNN-Transformer 1524 G487 73 #2405 SR AS 5 B R ARG 40797 L A IR PP 328 4 R 5 A
B NE RS AL T — R SO AT B T 5, B R B3R B SRR AR A

SR, ABEFANAAAE— @ R R Y. i, SCISHOR M HUBR Z A7 A fedt— 2B e, JUHZ
H S HE R FEABEA AR, AR Ck e A RIS b B & R A I 2B . 5 — T,
Y F WA ARFAIE AR LA, 320 S ASR 288 01l PR 8 A JXURS I T 25 2 R ¥ (1 rock AT metal), A 45 i — AL
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