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Bird voice recognition algorithm based on Mel spectrum value and

deep learning network

LI Dapeng ZHOU Xiaoyan WANG Jihao WANG Lili YE Ru

(College of Electronic and Information Engineering, Nanjing University of Information Science and Technology,

Nanjing 210044, China)

Abstract: In order to enhance the feature learning ability of the network to the birdsong signal and improve
the recognition accuracy, a birdsong recognition method based on depth residual shrinkage network (DRSN)
and expanded convolution is proposed. Firstly, the logarithmic Mel feature and its first-order and second-
order difference coefficients of birdsong signal are extracted to form a log-Mel feature set as the input of the
network model; Secondly, the noise threshold is automatically learned through the DRSN to reduce the noise
interference; Then, the expanded convolution is introduced to increase the receptive field of convolution kernel,
and the attention mechanism is used to make the network pay more attention to the characteristics of key
frames; Finally, the long-term dependence is learned from the learned local features through the two-way
long-term and short-term memory network. Taking 19 kinds of common Chinese birds in birdsdata as the
experimental object, the recognition accuracy can reach 96.58%. Compared with the recognition results of the
model under different signal-to-noise ratio data, the results show that the recognition effect of the model in
noise environment is better than that of the existing model.
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BRREDRE N EEH K5 W SKED)
LI AR, T — DX A ) 2 pe AR
RIS AR AL T B s 20, gy s X
7> S ARHIE . SR R H TS S
TR 3 K FH ) 77 T — o T8 S A R ) S 28
R = R RS S Ya T AR L B BRI B
MAHE.

5 08 7 YR R S0 S AE T ek SR IR T I

SN, S A TE NG P RRAE, VLR 7> 2R AR AT IR
e EHAT, SN E) 7y 77K 38 (1) 2
TR VC L 43 207 o S50 H DL I 2 30 25 I [A) R
# (Dynamic time warping, DTW) &3k, 1, 4
YBUIE 25 3] i Y 366 1 35 1 . Mel #7126 151 3 2 %5 (Mel-
frequency cepstral coefficients, MFCC). £k 4 Tl
Z ) (Linear prediction coefficient, LPCC) FlH} 5l
BERHE ) DTW 850455 2 Fh/r K853 1T 5
PR o RSBV 8] 52 % BB v, 2 B 2 B Wk
F. (2) BTALGHLG IR 73 KT7k. KTy
152 K H T TIRBURHAE, M SCHR I &AL (Support
vector machine, SVM)!, F#L Ak (Random for-
est, RF)B & 0 a8 204711 50 il dn, sk 24 4 4%
BT — b Mel 7l Z 8GR AIE, A H SVM X B 4h
11 Fofr B 08 B AT 43 R0, 45 AR WAL 70 11 28
WA R AR Fl-score )15 T 89%. HAl
(e RPRIR T ESEI=EA N Tk n R 1KY R ]
ek, H A BE N T AR, fEREA 7T 2 )
TEOL N R ASCRAR TR 5 2 T . (3) HE TR
FE2E B T7 1 IREE S 2] M 48 R R I (1) B 3% 2]
FHIERIRE T, I AFRAE S R A R h 53] 1)z
(IR RS T RAFRIZER . B, Cakir 25 P 2 H
T T ERL T Z M 4 (Convolutional recurrent
neural networks, CRNN) [ /7 2 52 B RS 75 1) 1y 4
R AUE S J BT ot 18] ) FH S0 PR AR AE $2 B, X Freesound
B b ) S0 B AT 3 RS, IR FRIA F 88.5% .
VI (6 42 H T I DU A R E R A 1) 1 2R A
Gy R, RlE A AR I 2% B A O R AR AN K
B 1E 12, 25 FE) 12 B 1 7 B P AR AIE, O B 58
F% 0 7 R )RR ) . Naranchimeg 25 7] i) F #5407
FHZ M 2% (Convolutional neural networks,CNN) £
BT IR I BRI RS 45 S AL, fem 1 03k

TR PERE o PR S1%5 18] SR 8 FRASIRIE % R A
B ONFROE R HEAT RROERL S, M VGG16 W28 34T
BRI R B, SEU R R Rl S AR R B S AT
AR . Puget!®) K i o 4 e {4 HLIH- 45 e (Short
time Fourier transform, STFT) £ B STFT 15 1%
P22 o X A% A A0 B S A D9 Transformer 122 [ 2 )
N, FiE it Xeno-Canto & AEE{EEp 397K /=
U, W5 B R IA B 77.55% . R Ao 25 00 g%
Mel 5 1% Bl fr N\ H #2211 24 |2 CNN BRI, JFil
o [ B HAT B TR A E RO N S 1E 40
2 152 s op R I B R IA 3 96.1% 0 Liu % 1
FEH T — Mol X i 0 12 W 4% (Bidirectional
long-short term memory, BiLSTM) Al DenseNet #
FARRZE 4 2 ZRIDC2H 6 1 5 75 73 R ABE Y, 4 Mel i3
EIE BN, 721050 E & 508 e v 20 Bl 5 28 75 40
oS HER SR BEIA B 92.2% . BIASCHR [5-11] 2T
TREES 2] 1) 5 1 2 B DB B AL AN, 18
i CNN. RNN &5 o 45 i3t — 25§12 B e 55 0 RF AL 2 AT
RN, BT T REFHRAACR . (B Bk E
K7 RS MR PN T N 2% P RE I R . 545 S AE H
SRIRSE IR, A& KM, O T 3 50 &
NSk 15 N8 P AREAE 1) 27 ) BE 0 AR S S IR PRk 22 WAL A
4% (Deep residual shrinkage networks, DRSN)!2],
B B 1 (Convolutional block attention
module, CBAM) 3] @8 & 77 (Efficient channel
attention, ECANet)M ()5 &, 45 &3 5k 10
Fgk 2= AR DL, it T 3T DRSN A ik 45 AU
B R 2%, AR R B AE | AR 5 R 5 A R
5 G RE o A E L TAEW T

(1) $EHC NG 75 AE 5 B0 £ Mel FRAE J2 e —Fr
N 22 53 228040 il log-Mel FFAIE 1) & A A I 45 45
ELRHE DN

(2) BEvE T 50 R R B R R IR A AP . 4
# ECANet [% 2% () A0 DRSN #E4T ik, Bl
— A A B A DRSN ALY 3 .y Bl o 1) 7 )= 4
TR, PRAKS B 1 [ ) 3 980T 25 12 5 08 75 )RR AiE
FREST.

(3) FETH KRG, IR EEEMLE ST ER
JIWUHI L) J5) B RS AR $R OB T, 42 B2 11 J=) 38
fIEf N\ BILSTM, 2% J& I [A) R 1 5K gk — 2P 4 X
2 JRRHIE -

(4) 7263 B S E4R birdsdata & 5 AT
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1 ET MelSliEEFMREFIMENESE
HAEE

AR I 5 R B SR E SR A 1 1 B
TN B RTINS 0 B A 5 AT TN EE L 43t
N, i STFT A1 Mel JE 3¢ #1145 2 MFCC Jf- if
FAFRH B 20 . =B 270 BB 3 4 log-Mel
FRAE F) s LU B R AIE ) B N — DA BT AT
FRAEBR I, 38 I AL JZ 40 /NRRAE B RN, 5 N IR B
B 2 WU A B TR 55 e 7S T4 RS, I AR S R
A3 5K B A BT 45 & 7 (R = I LA (Spatial
attention module, SAM) ALY K H AT & IR
(DilatedSAM) ik — 5 $2 W iy 45 2 7 0] JR) O RFAIE s %
J&, FINBILSTM 2 KA SR 8] 7 71 45 4E, 480
IR softmax JZ SIS MY 75 1) 43 20 )

1)
1. Figks e
} Bl E
éw 1.u5¢pu.-':a,.d"f :
T e
s log-Mel,
= A AA
S
CNN| BN | RELU
MaxPooling
2. gk { ______
[hEmEa ! |
(DSRN) | !
S b e —
Dilated] BN | RELU
Dilated| BN | RELU .
3. yoppm  (Dilated[ BN | RELU| |Dilated
YERE AR BN
(DilatedSAM) SAM
kS
A 2
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RELU
e [ suismticie g |
. A = oy +
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| It | LR —» softmax

K1 SR M2 SR a
Fig. 1 General structure of the bird sound recog-

nition network

1.1 3% Mel $Hi (log-Mel)

AR LA IR T IR A P e B 2%, TS
PR — 8 BN ASE B o TEE 5 1 BRI U 1

>

FHOGSCHR (17-18) ¥ S S FHIE M B A5 BARS &
137 BCUF IR AR, DR A SRR Y M 7 A 1)
log-Mel RFAE 13— 22 73 A [ 25 00 SR 4, M
A MBI BAHS A 4L 3 4E log-Mel FF-1iF 1) &
A AR A 2 FTOR

M, Zrit. I

BSHFHIE (delta,delta-delta) |

i HRFAE )
(static, delta, delta-delta) |

K2 log-Mel 1 HHUS 2

Fig. 2 log-Mel feature extraction process

(1) 5 5508 7 et = il e vk 28 db A7 WD S AL 2R,
H(z)=1—pz"), (1)

Forb, p BB VIR 9 0.9~1, A SCHL0.94;

(2) XJFUI0 B ) & 0 B AE 5 g AT 43 ity LB
A FAP i N 25 ms Wi N 10 ms;

(3) X 4 — Wit AT B HAd B A8 4 (Discrete
Fourier transform, DFT) J& 15 2| & Wi i A i, J %
ARV BUASE S 77 45 0568 B 1) D 2R 1%, 4 I 48045 5 e
B E e R A

(4) 5 Ih R4\ B Mel JE 7 3% 4 Hh 15 2 jE &=
1B, 3T 55 0 ANIEIES (0 < i < 40), BEE N py» X p;
BEAT X BB J5 TE 5 R Mel SR 4; = log(p;)s
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TESE AT S WS ASE B, Tl g I —M Z 5 23 M
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H, N =2, T HARGE SIS E R 2420, 55
SEHE y; 4L E 3 4E log-Mel ## 1 [F] B X € R!>/*k,
Horb, ¢ ROREF AN E, f o8 Mel SR8 N4,
k RNFHIEIEE S, X Bt = 200, f = 40 f = 3.
1.2 DRSN

TE 52 bR PR AR R AR B0 508 75 5, AR AL
KEME S, e BN M HER 2 . AR
1M o L, A ST H — Bl it ) DRSN, AT sk 55 24 5%
Mgt 75 o R ) 45 SR PRI RE I o SRR [11] R AR IR sh il K
RS T ) v 7 ) R KA T 2R R A
(AR R bR ) N TR BE TR ZE M 2 I 2 v, 1 P o
TE R AL DO | B e e e A, SR T —
REfE 38 N AKX BIE I DRSN . A SN T — 2D TR
DRSN W24 i, FIH —4E45 18 4K DRSN
RUVE R SHLE R e 2 sz, LR mE 3
FR .

BN,ReLU,Conv(K = C)

ConvlD
(K = f(C))
Ix1xC
Sigmoid

Ix1xC

g
)

éMNxC 7

OB D FHFETTHMM & FFETTRAMR

K3 SO R FE AR 22 e e
Fig. 3 Improved depth residual shrinkage unit

XN =4ERF AR X (M x N x C) 558

T HCZE X B AT 4 JR) P 2 AL R AR R A4S B AT

JEAAFRIEE N1 x 1 x C A& o, THR AT

a = |GolbalAverage( X n.c)| - (4)

Hosd — RGN EENERE IS

K, RIS AL PR AR N 48 J5 B2 sigmoid pR AL, £
HE SR (0,1), HatHE AT

Bc !

S - 5
— 5)

Hrb, 2 N4, B NEBISH.
RIGEBNIZH B KU E o, 155 RE
{E 7. A ITTHA DR RME Y IE RN A 2 KK
£k LR TR AT AR 7R

7o = Bc © Average | Xy v, (6)

Forr, o AR R XS BB IE ) A ; M N C 2
BRI X 98 E e BEAIE IS, © e R s
LS LT

K3 @ B BB AT, BN R A T T R
SHAE —1c < X < 1o RN 0, HABRHES
Hm oWieds . BARTHRE AN

X—Tc, X>Tc,
Y =40, —-71¢c < X < 70,4 (7)
X+Tc, X<—Tc,

H, X NMIANFFESEL Y N R IESHL ¢
NI -

R HLE 5 e Sk, BB A& 1 I A
HTRERKBERLE, F IR @ E & AL 58
BT AN [ IR TE R 0 E s, B TN TRE
BRI Sy T ik — 20 i e A BT TR B
IR 4 2 B, A A% ECANet W44 1 77325, H
— YRS AR Z AR e PR A TR 4, S
NS iR R SN NS TP UY = i £ 2 A NN
Fif o JR3 F0 i S T 52 ) 7 i Y L

X Fh e BT O, — 4B RN K it
/N W/ T

K = f(C) =

5 L (8)

XF ¥ 2 %y M b K Fl ECA-Net [ 4 1 i 1% &
W Ao o B E 20 1.
1.3 ¥ kERZREIENEN

N A AR N R R AL, ek it Ak Ay
KMfE B F K, [FII Ay BN 4% BE 16 5 A T B il {5
B ALY kAT CBAM 45 Hh (23 6]V E &
JIWLG) S iR 2= i AR, $R T ¥ sk B AR iR R
4hK . 4 CNN 2 i G E At b 2 4 pk,
W, B FUZ B R EEHUR SRFE s thAK 2 F SR X R AE
BT TR NRRE RT3 i T BB
ARG Lo SR AL 2R I/ NRRAE R ST 1 2
AT BE S R s B E O, W T e, AR A

logy (C) + b‘
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R AR T SREBUORA M2 4L (1) CNN, fE4FIETR
WO RE A Z R A B it 5 & i 5 00 T3R5
RS o 75K G R 45 1 L fil o, JE I A
P B G0 22 R 1) 7 2 SEELBGZ B IR
B 4 fos, AR ES AT SIBUE F A r — 1/ME
N0 BIBUE, v Y 5K, HEZ B 5 A R

j—1
lj = lj_1 + ((fj - 1) * H Si> ) (9)
=1

H, j R GRRE T 5, 1 N §HERZIRRZ
BRAN, [ R ZIBEBRERA, s RonERIK

KA

(a) “HEbrifE

(b) 4 AR (r = 2)

K4 trEERST REFREE
Fig. 4 Schematic diagram of standard convolution

and dilation convolution

P75k B BRIR 75 R 0 2% T A AL 52 X
o Y5k 5 BUZ (DiltedCNN) fib & H — 1L 2
(Batch normalization, BN) f#l RELU ZH & iK%
P IC. BT KGR BAEAE, AT DLE A T
2 B B0 R 345 3R B 2 B, S R R RRALE .
BN JZAMRFE AT A — AL AL B, 42 1 &5 1) 1R 12 e R
FasE .

1.4 BiLSTM

LSTM A5 5 — b c5C ik 1Y A [ i 1 o 28 ) 245,
it TR T A0 A 2 0 5 R R U ARLAS EE VR 2K ) 1)
7201, LSTM 1 i ) /7 51 45 B b 3 43 3 17 T2
¥ 8, o e P AR AT, (521, LSTM W] LA 4 74
Hh 2 IR HME B E B A 34 117 05 Bt
A, B ONTT S Bt T TRIE S T a8 T TR A
ARG A R AR A 38 s — S e T RS 2

BIg (G SR — M FE T, B shARE, T
LSTM A 8 B 48 4L 1 4 5 A 0 i 7 e 71
1LHE 7, BELR & 25 FE I PP e 41 i iUis i 2 8] F) 6
o A BILSTM, 45 & R {5 S AS 15 2,
o, B 2SR S P S R A AR R

FIRIARRAZ D o SR J5 RS BT )2 A ) J2= (0 BERCR 2
HEFREA, 3 BB B BOIR A, /E 28 BILSTM
Bz (M o

2 SSWRESOHR

2.1 SEHEE

N SRS R R R, AR SC% FH ) 5 e e
PR 45K B Birdsdata T TR SR A 5 bRk
KA A P, e i E SRR A IR ST A
F R AT, FLATFHE A I T L Rl 20
ZHAE LG T 2 shRUELL YT EI ) 44.1 kHz.
wav A 143114, #4280 R SRk 1
BN o

1 HEBESHEE
Table 1 Birdsdata

LZLL e i LZLLEY i

R 1195 30 i 4 852
RS 825 TE 850
pan;l] 790 AN 835
I 710 HERS 797

Rk 814 I 738

B IR 786 RNE] 29
T 460 SNy 602
[ipap L] 680 S 766
KK 35 290 KK 800
e 733 IR 759

BH T 008 e A Ll A B /b, S o B i
B3, R 19 Fh 38, SE9t 14282 N SIS
2.2 ZWEE

LN 255 A TR R SR P A R ) R I ik
F TensorFlow 2.4.0 (] Keras2.4.3 {4 /& 2% S HELE, i
FEIREE AL MistGPU °F & ) NVIDIA RTX 2080Ti
TR BRGNS H W 2 is.

*2 N&EBH

Table 2 Train parameters

A B E
Ptk 2% Adam
batch_size 32
B RIIGRIREL 100
EES 0.0001
PR A XI5 ek
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W & i G 45 AR 2 B RN B K 35109 128,
padding %} same £ U, BILSTM 2 #70K
NECE 9128,

N Tk G P 2 R R UL I R, SCESR A T3
T (1) BAERZE AN BN 2, 52 W 4%
Mz AGRETT. (2) TE41EH: 2 Z 01K A dropout £
3, H¥HN0.5. (3) X FEANEIZE R L2 4
15, IENAL S50 5 0.0001

VAL A B PE B, AR SOKE HE R 2 (Accuracy)
F Fl-score 1F 24 H S A5 B4R Ath % LG ASE B 1 D7 4
f8¥R. Fl-score 137> IG5 (Precision) F1 4 [F] %
(Recall) I TFR bR IIALAS 2, BARTHE A0

AR (FHHEZR):

TP

PreClSlOH = ﬁ (10)

BARR (HFEER):

TP

]l = ———. 11
Reca TP + PN (11)

% (%)

TP + TN
A = . 12
ccowacy = TP+ AN 7 FN (2
F1-score:

Pl — 2Recall x Precision (13)

~ Recall + Precision
Horp, TP 9 IE B 0 F5000 4 IR 451, TN A 1E A Ho T
N, FP e it 50 4 B 5], FN S i Hh i
WA A

SEES W SCR Y LT A8 XIS E R 7 2, BIRE £
Loy B 5 Uy, Fe Uit I 4 VR NN R 5dE 1 AE
AR AT S5
2.3 W59

A R A A S8 B, NI iE A SO
EWAE R, SLEe 3 R 3ANER Ay BT b —4E
s log-Mel REEAN 3 4 log-Mel FFAEFE A SO AY |
PR RS 5 [RS4SR AH SR ST B
URAE /A 7] 58 B2 1 vy 37 (1 e 7 1 o R AT S5, B8iE
AL EFEAE I 7R BT (1R 01 R0 s B S 0 AR SRR
RUHEAT I AL L5, 20 T 8B B R 1 25 SR
AU
2.3.1 JHRASEES

N T IR TR R ZE WS AR A B 7 5K 2 AR ]
TR IR RO, BT 1T SR, N REE S

N =4k log-Mel SIEAE . 5256 7045 2 18 45 £ In BiL-
STM 7 (CNN+BIiLSTM) 1 NS kA= 7Y, 43 51l %}
PCJE T4 5K 6 AU Bk 22 B n BILSTM A5 2 (dilat-
edCNN-+BIiLSTM) . & T4 5K A A 23 (8] 5 0 Y
Bk 72 YN BiLSTM # 2! (DilatedSAM+BiLSTM)
HDRSN i3 5K 4 FURT 23 18] 7 2 77 (10 5% 22 Huin
BiLSTM %4 (DSRN+DilatedSAM+BiLSTM) .

N3 PR, ¥RELR (CNN4BILSTM)
3 5 AR A TR S AR Ik ZE 453, R IR
AL 0.63%, {E MR b3 02 18133 & A AL, iR
TiAS BEAT /DR BT s IR AR BRI E B AR R AR,
8 KBTS S, B0 DRSNS, Rl R # 4%
517 0.87%. SEUGLE R (1) Ui Wbk 2 45 ] LLLE 2%
=] 2 J L N8 7 AR 1D [R] B 3R e 25 Ok BT A S
EmEfE RE R, 5IN T RER IR k&
DA i I 2 R RO R s (2) T HUR A S ER
IR SO SR — E MR A, DRI FE VR I DRSN J&
VIR GESCE L PN/ TP

*3 HMAWLEGR

Table 3 Results of ablation experiments

(Bh7: %)

Accuracy Fl-score
CNN+BiILSTM (baseline) 95.14 94.55
Dilated CNN+BiLSTM 95.64 95.22
DilatedSAM+BILSTM 95.74 95.48

DSRN+DilatedSAM+BiLSTM 96.65 96.54

R ]

2.3.2 MRELIE

SEE S RENEMEES, N [ ks
RULENE P REE N BRI BCR, AR SO T e S,
B AE SR AR HE 2 v s 0 v 0 e R AT S5, R
) T ASEY A E FE IR R A e . AR SRR ) 4K
8 2 v 43 A INAN (5] 558 B2 1) vy 30 1 M e A0 SR R 5
ST A A REERLA -5 dB. -2 dB. 0 dB.
2 dB.5 dB #1110 dB, 3:%F b T log-Mel+CRNNIB! £
UFN 3 4E log-Mel+DSRN+DilatedSAM+ BiLSTM
AR 5, [ A T 38 E A SC 51N DSRN ARk
WA M, SR8 R G T 7 AR SO B At | 25 B
DSRN IR R

LA RAEME BE LT & A B B R ) IR R .
MR CUE e (1) Bl A e 75 58 R 1) 2 iy, 3 Fh 7 %
PG FEASAEBRAR . (2) AHELSTHR [5] K H ) CRNN
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BRMEEE: BT Mel SRR AR 2 2 =) N 26 1) 15 P R ) 5005 831

J7 2 AL B T 5K A BRI R AL ) 0 Bk
ZEVERERFER (DilatedSAM) 7] LA R4 Hh 7 e 75 31 455
HRBOCHRAFAE, 75 A [F] 58 FE I S s R I T
CRNN. (3) HT DSRN 4 B R AF AR AE, 153
A DA RCH T P R AR PR AR B 0, R G i 1Y) 2% 0f
T MR A A RSO L, 50 DSRN A H ] LA
AR SR A e PR IR R AR

F4 REXEER
Table 4 Results of noise experiments

(AL %)

—-5dB —-2dB 0dB 2dB 5dB 10dB

15 8 R I, A ST (4 75 AL T oA ) 2%
AT T L IRBIRCR -

=5 $HEXEESRIOER

Table 5 Results of feature comparison ex-

periments
(%72 %)
MFCC 3% MFCC log-Mel 3 4 log-Mel
CNNI7] 91.46 91.74 92.37 92.56
CRNNI5I 94.29 94.35 94.67 94.86
DSRN+
DilatedSAM  96.23 96.36 96.59 96.65
+BiLSTM (our)

CRNN! 78.85 8224 85.91 87.68 89.67 91.67
DilatedSAM
+BiLSTM
DSRN-+
DilatedSAM 85.51 88.34 89.9.3 91.80 93.28 93.87
+BiLSTM

83.44 86.76 88.48 90.19 91.82 92.71

2.3.3 $FHEFMHMIRBIXTEE 056

N T B BT R T IE A M, ASCET T A
[F AR AIE R 6T b S BG, BARSRAE . —4E#R 3 MFCC
FRAE 005 3h 18 B =4 MFCC RS MIE . — 4 35
log-Mel #7115 3 15 B 1) =4 log-Mel FE1iE
7 5 L Ath 2 2 0 7 ¥ HEAT X6 EE S log-Mel +CNNI7]
Fllog-Mel+CRNNI! SR ] — 4§ 45 log-Mel A1 (i
YE N NHFAE, 43 538 i CNN AT CNN+GRU % 7
BEAT IR A Mel 1B 3 B +VGG16 3 I Y F (5 5 1)
log-Mel FREAIE H-44 F LA R ST 256 x 256 151 K]
B, R4 8 VG G16 & 3T IR .

F 5 AR 6 A [FRFAEFI B LR ) IE R, I
R DUA e (1) bk 4 FRFAELEAS [3] 2% 1 (1) 17
W R EERN, B log-Mel $R L2 i B B 42 52 4%
A3 B[ MFCC R, 7EIRFE 2% 2] W 2% R 5 45
AL T log-Mel BHAE, 1X 7T At & B9 B4 5% 4% e 45
TEIE R T #0(5 B I E R A5 B 3 4%y
TEARS T & F S S B FHEE AR B
PEFH IR E, B IR S ) 4 T LU AR
H MRS RHIE PSR EUCE S B (2) AT
TSR AR T F A B2 5 B BB, U IE #
A Fl-score 1343437 I LLIA £ 96.65% F11 96.54%
(3) HHT DSRN XTI 75 45 5 1) B o) 5% 22 15 15 6
A5 B 2 R I kA Rk /b A R 4 R

x6 HMRAHELIHER
Table 6 Results of other model compari-

son experiments

(347 : %)
Accuracy Fl-score
log-Mel+CNNI[7] 92.52 92.34
log-Mel+CRNN!?] 94.86 94.53
IR +VGG16 93.24 92.87
Bi-LSTM-DenseNet!'1] 92.48 —
DlaisaMebLoTy O %0
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