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Abstract

This study proposes an audio classification algorithm based on the RF-CNN-CBAM-BiLSTM architec-
ture for the classification and recognition of Xingshan folk songs. The model first employs Random
Forest (RF) for feature dimensionality reduction, replacing traditional empirical feature selection.
Then, the Convolutional Block Attention Module (CBAM) is integrated into the Convolutional Neural
Network (CNN) architecture to enhance the model’s ability to focus on and extract relevant features.
Subsequently, a Bidirectional Long Short-Term Memory (BiLSTM) network is utilized to capture bi-
directional contextual information in audio sequences, further improving the recognition perfor-
mance of Xingshan folk songs. The proposed model achieves a recognition accuracy of 91.67%, with
an average runtime of 22 seconds per training epoch. Its accuracy surpasses the average perfor-
mance of four benchmark models, including the Residual Network (ResNet50) and EfficientNetV1,
by approximately 5.24%. Additionally, the average runtime per epoch is reduced by 68.25 seconds
compared to these benchmarks.
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FEARM T SO 7 DR AP 40, REEIAE AW B SCA 387 ) B B A, By A R 7 SR H aaa bl
P R AR B S35 77 “ X% Bk ” 9], JLReAT 10 “ X =5 R & A% G0 SRR R (1 Re 4G
R HEEELTF UMK i, Xl REKE IRE H 8™ IR 5%, AR B ™ £k
PEIRAHE ST, BOF AR L R &SR 7 eIk, " SeBl e R R SR 533
GACSLP

BEE TF RN S8 T 2 BABORIEEDY , B RS BRI A G EM[1]. NTEHERDRTAEE
BTN AR B2 ALl R BEAT IR 5, SR T BRI 2R BAT D SRR VE IR & it A e K IR A
A IESALGEN TARERR AT H IR ILE S 732K, R I bR RCRAR T 5 A T SR FEId v (X E B

BT, Xl AR BB AT B =, 3 ST K T R AU A0 25 RS 3% 1 B
AT LR T EAEE, SO AETT R RTINS EH B R KT VE S B . AR I T
A, E B NG ITT M TR 2T 1y R T5 [ 2] ARG I3 I 05 15 3 B & AR B 1R &
5 B IRERF L RIER RN, HAZOAE 0 B R, 928, A SEROon s A b . X307
TP, FHESRHN 2. FERFALSRIURER, 28t TEN SR & IS 578 & () 55 T )
225, JPRRHRS ST, ATAREURFE SR [3]-[5], FRAEALHEATHIARG ] £, AR Y 5 A A O
I RIL RAF I PERE . IR 2T iR E S T R R A e AR, SR SR 2R, Rt iE A
AR ER B 2% ) SIS TR R AR ) 5 SRS B [6]-[8 ] I FH R JSE A 22 X 248 ST X L B aARS ik 42 5 s 1
32K, BERBORBRG, SONARIF SIS - R R ST R A
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P R BR: Ho—, BUA IO T8 2 M TSR I —SARRAE B2 S0 RO SRR R AE SR B L . B
=, RGBS RSB FEZ . Xl REAE N RUREE AR B SCAEE 7=, HARe & SR TS 5 sk 4
P XF o BRI S R, HAER A, F T A KA IEIZ M 45 (BILSTM) 35 47143 25 HE 48 L 7E
FE SRy AT S P R I T R, %l RACUIER B T I S MBAR B A2 . SR ILA B AR E R R
B 5, 28 T EHER A RIS R E(MFCC), i 3 (ZCR)4E M & AU L AT BRI 25,
B2 B R R R RRE SR BN L s UK, R BN IER T I E ST S KR R, 4F
Sl TE AL FR B S AT 22 A5 (0 B AT, K R 0K A AR I AT R (935 SRRk eAh, BUA
38 A 5| NVE T I WL S BT 8]y BOEAT SR AR T, S BUEAC AL 5 K e S M 1 50 7 1) IR AR
ST VERE N R HE T DL BRF TR T, ARt — R L RAAIR AN L, Rk e A AR
JRIBRTE, FEE T 1800 T IRARFEA IS ANE AL, FEIRAN IR T MR FLRAR, REAESR I LA S
EFXF BILSTM 5 470 A 7R $2 HH ) Bk A8 RF-CNN-CBAM-BILSTM. fJi, M4 1 S5 40IR A se it 45
B, SZRGH B HER R, F1 S S WidhR, TSGR REHET T B, RS 2RI
(t1 ResNet50, EfficientNetV1 &) & 7 2% 1L BER A RCR 0 HL 73 #r
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Figure 1. Flowchart of the RF-CNN-CBAM-BIiLSTM classification model
1. #F RF-CNN-CBAM-BIiLSTM %3 #1& R 772 ]
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2.1. BURETRALIE SHHMERE

EHEE RN ST, T EA TR, FRAEIRE UL AR AEAL T = AP IR (3], TALEE & R0 A
UGEIUE S IT MR A T30, SRR, EBIER G RS IR SO0 SadE, %R
P iiah B5 B o AN F (N0 T B SEEUE 5 1P RS AL o RRAE SR OA 5 U FIA B )5 ) He s v S i 2 4
FERFESHL, W R %5, JERBEE), AUSnATE S, 98 ) AR SR R AR (5 R AL
MFCC)35 7 IHRHIE . FHIEALEE 5 FE X PR B 4 AR AEREAT VA —Hede A, [RIIN 076 HH OGBS AE . B 400 2K
BRI 2 B .

BERESEAN — FSTLE > FERK

l

gRm TR | BELHE

Figure 2. Basic workflow of audio classification

B 2. FMSRBELRE
AW, BEBR RN % RS A USSR Rk, Horh, AR RA B &3S
T W51, WNS T, ATEG N, SR EER, LA DR AR E IR UM A [ R IUR, 2 1800
B E IR E SRR . B T R O B B RS ek 1 PR

Table 1. Audio types and quantities
=1 EMAXBEHE

T R HE &3
Pl R 900 900
HAh S REHR 9 * 100 900

N RBOE B H o RAF TP 5 2 REE, LRI 1800 1 H AU AW FiREA . Horbr, Dl RGK 900
H, HAbE IR, BRI AR LI 100 H .

N T PRAER AR B PR A B — SO, JRATE S xR s B e 34T 1 D) A2 . BLAAT
oy BEBEE BN EE RS 5 BHIREA, i 3 PrR. XU S IE R T 2 TS —
JT T, G R I R RE % A DR AR A N 10— S50 8 PR A B2 2 il KT B IR AN R E il AL
I3, 5 FP BN RE 5 BT M OR B E P ) R BAFAEAR 2. RIS SO S DRI K i i AR A
WTRKEAR 5 I EMFEA, RATRICT ZF48, mix KB 5 #hro &, Wz s #hfE e
I KEEAT SN, MRS AT R HEE R . XA, O T — MK EG I E i
FEAKAEAR, NG BB RE S ORI AL I ZR i 2

Waveform - 04170129_segment_3.wav
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Figure 3. Mountain song audio waveform chart
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B AR B AT A 7 SRR 1 & U - BE N [A] B A PR 15 O o B rh st 2 os ist 1a), B A
I IS 5 RIE . I MERRACR T B HUE SAEA RN ZI 5 554840, IR R = B A A1
MIRZ IS 208 505 5 I ARIERROR, 75 2 st e . MR BN P2 I X, S &S SIRIREDN, A
B WIS E SR K], AT DURE T S I ZE, s DAL R AR AT LA

B FRATSH, S WOR RS BT (0 ZE AP IR . B T3 4005 5 RA AR, BT
BEAEEBONNAE, HHWUE, BMAE S EEFRE S, M TRAERI9].

AWFFERL 20 ms FEAMIK, EX—BK S s, RFEE 16,000 Hz M&EHUE S, L850 250
TP U BN

xn(m)=x(n+mR),0SmSL—l )

it x, (m) J95 n WUIE m KRR x(n+mR) 9IS 0 n WK m SRFER: R 90 L
AP RAE 5, I,

T S HUATRN B, INE AR S R 6 B, FHURME S, R K,
SRR I 3 T S LRI TR, ELHE SO 5 B B 7 A, S SO 5 i R
VRS . G S B WO, (B ST RS A, LU R
W LB 5 L B R A IR B R (4].

PEABITTR, AT B A (Hamming Window) AN A B 2. W1 60 LI IEREE b, ARMb7E—
PRI R A . S SEIREEbe, o7 DL ORISR . SO Rk -

w(n):0.54—0.46cos(%}n:0,1,---,N—1 ®)

Hrr, NREREIIKE, Wl EmEiE S KR o &t EzR ).

BRSBTS S AL B CREEA Y, RS N 5 E L TA &) 2 HEZER
M. FEE AL AR, KRG S AUE 5 A oy B Bt R A AR R 2 D ZOP IR, IX SRR fE
W RN R 2R RS E TS 2 AT S PR LIRS . AT FE M AL B G 1 5 A0 5
FEHL 17 ANMRHIE, X 17 ANRHIERS KSR, e, (R IREAE, nT DA 2 HEFERER S0, AR
BRI, AR At e B H AR B RIS . 2R IERLG v A SRR 2 A 5 X AR 7, kb i 40
G, KRG, [FIR, ARIEARESS KT R RIEHE FIRFHE, £85I R A e HiE i
H, PRIEE I REZ 5 FIRUR .

I IR «

1) JATJHRIE(Short-Term Average Amplitude, STAA) L T & 4S5 75 565 B 18] N - BE & K1
Hat SRR B IS 50, ARE THEARE— WS S4B E . AR A X0N:

1 N-1
STAA4, =N§|x,. () 3)
Hr, x (n) FR5 i MIMEIES, NN, STAA FFER DUH TR & 505 S ARk, 2iEE
WURANE SR 3 i o R —

2) JH S AEE (Short-Term Energy, STE) 2 & & MWif5 5 7245 5 (] N fe B PR R An . EMTHE T

5 STAA KL, REx—WiE Sl r-riias, MR, iHEA AL F:

STE, = ¢ (n) 4
n=0

DOI: 10.12677/aam.2025.148379 151 N H it e


https://doi.org/10.12677/aam.2025.148379

R 55

Fort, x(n) NE i WINESUE S, NAWHE. STE RHEXS T [X 7155 A & 30 2 JE % AR 75155 i
Rl SRS h A B IZ IR -
PBAHIE -

1) A% 5T 0 (Spectral Centroid)fifiids 7 H A4S S0 (I FH AL E, BT S50 5 10 B SR 5 A
k. HatE 7R R — WG 5 AR AT By, BCESXT RIS . Bk A XA :
N-1
4,0
SC =5H— (5)

[, (%)

k=0

Ho, X, (k) FoR5 i WSS HOAHEIERE, N Oy FFT si8. SR 508 m i i S5 530 1 ke ok 58 m i
Son HRB, TG O BRI & IS 5 W AT, SRAT

2) M 98 (Spectral Bandwidth) & 1 & Mifs S AL I 0 T8, B 7 HHE S MR E R
JE o BRI HT L A TH SR T A0 G, L ATON:

N-—

Z(k_SCi)Z |Xi(k)|

SB = |&= (©)

31 (&)

Hop, X, (k)25 i WS SISIERE, SC &5 i WML TC, NN FFT S8 SRk 5 5ok a4
U EELZMAERS, WrREINFEE 25 MG 0B8N &S 5 AR 5 —

1B PSR AIE -

ME IR AR 1% 22 8 (Mel-Frequency Cepstral Coefficients, MFCC) & & St HE o & i IR IE 2 —,
BRI, TN 5 R G AS [R5 75 5 R BRI PE o SR /R S B0 R LRR 7 il I Sk G FE (A
HARH . MR BB AR R EUE S DL B HUR SX AR DU R BR(10]

PRI LA (FFT), SHINE G —WIES X, (n) 47 N PR R R 8(FFT), HEE8ES
¥ NG S . FFT AN

N-1 ~ 2
X (k)= x.,(n)e ¥ k=0,1-,N~1 o)

n=

o, X, (k) RS 1 WUE S WFIRATR, K OMIURERS  SEEBRA UGS ERE, B |X, (k)| .

MR AR DEBHE TR R | X, (k)| S — ZELMB AR VIR 2L M AR FRURE R — e - AT 5 SR e ) A%
RUE, EEEMESER £ (B4 H)RERRRN:

f j _m_
=25951o I+—=— |, f=700[10%% —1 8
m glo[ 700 f (8)

/U B AL B £y M A = SR BB AL (— A M UL 20 1 40 2 [a]), AN B0 B R
L, ()| AT IIRGR A, (3SR S, (m)
N-1

S, (m)= | X, (k)|H, (k),m=0,1---,M ~1 )

k=0
KBS S B AR LA H(DCT) GRS, (m) BN, 45 2B /RATE log (S, (m)) « X2
N T AU SN B 28 G P 5 A X B 6 o R X SO A AT S BIOR S AR R (DCT), 15 8
MFCC %% c,(n):
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¢,(n)= %Mzzlog(&.(m))cos[%(m+%j:|,n =0,L---,L-1 (10)

Fodr, LRATHUY MFCC FI%E, (AR TR EGET 13 S REENRHE.

S5 LATR, MBI ATUSORIME] R = AN T TR AL B S (A IS 5 SR ECRAE , B IER AL 2 AR Rt
55 I TR AR PR O RFAE , AT AN 2 AN R R AR AL R U ARFAE , BIE SRR 13 M BT 20 3 S AN
[F) A3 TR, BRI EREL 17 MERIE . X TAER — N EAREA S, WU e 5 T et 2 250 AN a] i
IR 5 S (8,8, by ) » BARFAESRIAF RIS . 17 MFAERRHER R S (a0, a,-,a,,) » ZHHETERL
17 47 250 BIHREAEAEFE, 1800 MFEAKNHE 515 2 H AR HRFIE AR RF o

2.2. FHERRYE

BT R 5 SR B R I R R, S 2552 A FE AN [RI T #E, bR BEALAR AR (RF) S325%)
FAEREFT 58, WM 45 AL IR0t AP S B 4, DABRIR ISR AR FE L I ], A 43 AR B 5 20
E kiR

RF RN — PP AR LRV PR 4T By, 75 PRARRFIE 4 2 I B v T A 2 B A7 SRR EIE (S B . RF SHVLRERS
I R SRR R B S EEENU], A RO &R R B . @i RF ATREIE R, k>
TR, XA R AE Y ZRAN T R A, R AL T B ORI BRI, TR > T RGis AT
IS IA] o

20l RF 1% 5 RFIE 728, 2Bk 10 RTTIREBUN I TURFHME, IREE 152 R S8 a5 o % A
RI ARRFAE . X AF IR R B B S N Ly T2 G B R, 85 T BRI SCHRRAE T4 5 B0
oIz . MSEERSE ARG, BONFIESE D, (FARER B HERfR 2R WM B . X R B RF AU SLE
TEAEREYE, SRR T RN, AR R B Sk A B N L R AT OGBS SR, BRI
TF T oy MERE.

ASERSSR S R B E AR BOEAT AT, AU B R 250 ANEEET I, Mk 20 =
Foo BESHEEANEE T, PR ARSI = O AR, SEERAS 17 S . R RF 5 iRERAT %
ARG, RSN 250 47 12 FURIHERE, ZAERERAE 9 G S AL AN o RRIE B EEAS S 4] 4
i

Row Importance for 17 Rows of Features

VY ON DI O AN DX A0 N9 G
&7 @ MY SN Nt M (Mal s
® RIS & & I o@Qp&« oS & & ‘}oé ® & PR
Row

Figure 4. Importance scores of the 17 features obtained via RF processing

4. B33 RF LIBBEE 17 MHENEZEMS
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Row0-Row12 & MFCC [ FHHE, Rowl3 ZFEI F¥IRME, Rowld LM REE, Rowls &MLk
>, Rowl6 N#EM 5, HRIEEP B RIEE, Rows LU IFAHEE EHS 5K T 0.0001, #HEET 12 4
RROE, BMTIRSEMAr2E, X 12 NMRFEH, B 75%MRHE R TR BEATRE R L, X2 RO R TS SRR R I
13 4k, HATERHER 76.4%, RSOt AR s B 5Nk, Himss s SRt E R
2.3. CNN-CBAM-BiLSTM #&&!

CBAM & —Fh I T3 s A 40 22 I 26 (CNN)PERE [V E B I HLIBEER (1], Wi 5 frac. CBAM B1E
FETFERNZ R L5 (CNN) I E R, B 51 I8 & ) 5 2 A0E R ML, BB N 2% 42 4% i sk sk
Pl o IZBLHL EIE 8 T R I (C-channel) 5 2% (] & /1AL HL(S-channel ) RKAZ O AL AF . X AMEL R BE DS
SRR CNN AN FZ 4, AR LRRERIERE Sy, B A8 A 5 A b i B OGRS B

( BIRER IR \

, ﬁuﬁ \ ) i/
LPNE RS TR R R R0 T ASE
Figure 5. CBAM hybrid attention module
[ 5. CBAM R &R B J1ER

TEX I R IR AR, FA7E 2 BRI . — T, Dl RS R A A7 RO 1 2% s
PE, SR AE AL GuA R AR YR S i 8™ S BELAS, A RCRFAE 2 e 75 T IR RS, S BRI R UK.
A7, (EA A AR T, R AR TR 3 VR A (R TR R BRI S OGN, ORI X L
RARANA ARG R TR ORI, BB EAT, MARA W RS 5 H 75 T i % 10
Fi, X TCEENNR T %t R SAL B T A B B

ST, AWFFOH IR T —Fh Rk AR R AU A AR XA R B2 R 2 . % i REER A
FERTR P F R HLH R RS OCR, HFE 18 R NSRS S TR Bz .
NFEZIRIR L5 B, ALK CBAM FEHLEE N CNN 22Ky, CBAM (3 I 1 52 JIHL I BE s i3s3 AR AE
(R SRR, &N O AS RS ) RO, A R S OGRS S SR P R R
IR SR AT DG 2 (] X3, s o) B AR AR . X AR S PR T T R AR . e A
R ) R Rk R

[FIT, 25 e R L B BT I (A1 48 P B XA B BB, B84 5] N BILSTM. BiLSTM A& [F] i
WEFRF ST HI RS R S ARRAE R, AR RS AAE R (R 4E R E A BN SOOREE, SRR
W2 B I AR RHAE

CNN-CBAM-BIiLSTM W 2% (R BARAR &, B S B4 Jo Re bR FE 22 ) 0 i S AR R AL A, 1X—
R TR BAE AT PR . GAUERAE B I R B BUZERHIER M LIE 3N, $RBURMAFE: WA ERAE
DUt 25 AR (PAREAE B EAT T SRAE S sl Bt 2 1 [ B (R B B B2 AR AR (S S, DG B A B 1T B e
LR, FHEAEFE 2 4 AT ONN 5k ZZ AT HES A0 . FRZEBEIIIN, B RN 1 IR B
2 I 2% I RIS T PRI BE S SR A . B IX — ik, ARG U2 IR s % . B A RAE D HURHE, WER
FETREEE R T, I H, TEIXEER ZE R IR N T VR I (CBAM). JBIE T & 2 i A
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ANIEE Y A, PR B A TE 2 R REAT AL, LA S B B G BE AR AEE TS £83d CNN A
&N AR F S FRHE R, B A E] BILSTM 2 #ET 415 BRIAL L. it T IR SR E ML AA — % BN PP
Rk, BILSTM REfS [N =5 8 PP 41 i id L AURKAZ 2, XPRHIEBEAT IR R0 W A2 3, 4 912 21 R AAE
I (e _EIARAC R . B, K BILSTM %yt AR LI T 4 42 R HEAT WA . A3 R K i 4RSI
[ B R 81— A R P R, 0 S Ly AT A SR R P AN S B R H A SR AT P, R
ATt AT A 2URE— A BEAIREAS & T L0 A H A SRR BRI R 2 SR T 45 2R o AR R B8 76 70 R RS ARY
AEAERE AR S R, SEBIL % (RN A ST AR (A AL X 2

25 BRIk, AHFFIR ) RF-CNN-CBAM-BILSTM #5435 455 2 (L RS ke i, A R0RAbh 1
PGB DL R IR FE 2 S AR AL, HAF B BRI R 5 A B IR, 4ty 76 %l Rk
H RS RO 1%, ARl RARE 0 AL S5 b BAT A B s e P E A i GRS, IR
I TS TR ARG T TR R

3. SEWEREIEES

AT RIFET RF-CNN-CBAM-BIiLSTM 3 44 A RUZE M4 ) BRGHR B S2 36 A i 45 5. WA IE H
A TH] PN ZAR 7R A B 5 4510 S ) BRI AR, AN SO R 8:2 SR BRI o AN ZREE S IR EE . R, Ik
S 1440 ke, MRS 360 B .
3.1. SLIEEER

TEX L RIGRA B, AFFRME T RF-CNN-CBAM-BILSTM #58Y, DLSZEL NS 1) a5 Hfth 2 7Y
Rk 2155, iRV, BRNRERM:, Wk 6 Fix.

Confusion Matrix

160

140

Actual 0

120

IS 100
>
g
- 80
—
- - 60
©
5
£
< - 40
-20

Predicted 0 Predicted 1
Predicted

Figure 6. Confusion matrix of the RF-CNN-CBAM-BiLSTM classification model
B 6. RF-CNN-CBAM-BILSTM 43 45 R 403R 155605

Bl Actual 0 7R SEBRFETHAME I RAIFEA, Actual 1 R SEFRIE N HAE R RAFEAS . Pre-
dicted 0 R T2 2% 1L RAIUFEA, Predicted 1 7 TNy A 2R 7 R IO REA . B AR vER %
2959 91.67%, XRYIBAERAR B RIFRBIEETT, BEREX R E MRE A HEAT IEW 702K
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M2 FFERR R, HAX L ROV IERI, KRN 92.44%, MR BRI % () Bk A
Aoy, SERREE A L R E B E . H BIEIE 90.34%, Ui BT BE A R HE 3 O HE 4 SEBR % 1L R
BEAR, S RERIE 32 BN 42T - F1EN 91.38%, ZRE L T RS2 5 A I WP, SRR BiBirE
L BRI A _ B RO R AT o R BE N 92.93%, & WIAS AR HoAth S8 70 R IE R R B St Ab T —5E
K, AT X% RS HAd 2R R R

Table 2. Precision, recall, F1-Score, and specificity of Xingshan folk song recognition

2. MURIORANBETHER, BEE, FIE, [HRE

25 FBHE BEER F1{& LR i
Ml RER 92.44% 90.34% 91.38%
HoAth 27 RAR 90.96% 92.93% 91.94% 92.93%

SRS, AR L RS b 2R 2 IR P R B T — e R3S, REREAEAN A 2500 b OR
FEAEXT B PRSI % . BIRIRA FLAH, HARS BB, %l R I R se gt 7B h T 5
WA AEBRAAAE — @ R AN O, SRR iE I i — B A B . RS R ST, A
Wit I P e

RF-CNN-BiLSTM-CBAM 43 Z5# 78 f 45 2k pR B i 2 40 1 7 Ao o 358 U402 2k bR 5020 1l 0 452 % i
LRI NRE . YIRER R I G ) ENIZ S — R TR AL E, BEERE N, T4 50 8l )5
T TR, A REE MR RN, RSN R B e ST RO B2, B I ek, i
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Figure 7. Loss function curve of the RF-CNN-BiLSTM-CBAM classification model
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Figure 8. Accuracy curve of the RF-CNN-BILSTM-CBAM classification model
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