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Research summary of voiceprint recognition based on deep learning
CHEN Haonan, WANG Kunchi, TANG Min

(School of Information Science and Technology, Nantong University, Nantong 226019, Jiangsu, China)

Abstract: Voiceprint recognition is affected by multiple factors such as environmental noise, speaker s emotional state and physical
condition. In order to improve the reliability and accuracy of voiceprint recognition, deep learning, a machine learning based on
deep neural network models and methods, shows its wide application potential in voiceprint recognition, emotion recognition and
speech separation. This paper focuses on the application of deep learning in the field of voiceprint recognition. This paper firstly
outlines the basic knowledge of voiceprint recognition research, including voiceprint feature extraction, accuracy calculation
methods, etc. Then, various neural network frameworks based on CNN ( Convolutional Neural Network ), RegNet ( Regularized
Network) and RNN( Recurrent Neural Network) in deep learning are discussed, and their development in voiceprint recognition is
summarized and analyzed. Finally, the article also looks forward to the future development trend of voiceprint recognition, including
spectrogram improvement and neural network model optimization. At present, compared with the traditional voiceprint recognition,
the voiceprint recognition model based on deep learning has been significantly improved in recognition accuracy, and the average
accuracy can reach more than 90 %.
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BEJ , #2025 1Y B 2 AN WA, B 2 1998 4F,
LeCun S H P BN 42 & S UGBS b R 31 4
FRMRZE 4%, CNN Jd i 45 B2 9 2= AR AE, I
P AL 2 R AR AR 4 B, A 75 SN U, TR 22
SIS TR B FE . 2014 48 B TR A
L 1Y) d—vector' ™ J7 B BT F A S
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Fig. 1 MFCC and FBank feature extraction process
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PRARHIE , XAz AR TR AR B ), i i 7E
A UG i s B AR I AT B s 5, AT i ]
B R, B BLE S M2 R, RIRRAE e
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Fig. 2 RegNet network structure diagram
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1.3.1  AEGIPHN e IR

TEr S 2R T e v AR R R 1 i
TR ARG B e R S & I 1R br . TEZ2 020
FEGRIESS P, HER R (Accuracy, ACC) BN T —
AN S IE R ERE , W] S MR E AR SO A Y AE
0, AR IR R €, b, Rl
e AE B AE i 28 ( Receiver Operating Characteristic
Curve, ROC) L J&— PP AR B PERE /) S8 T A
ROC W £ JE 7R T 4 1% 2 32 % (False Accept Rate,
FAR) 54514 E 45 (False Reject Rate, FRR) Z|f]f1)
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HEOAN ] P SOOI R Y 1 BE

FR IR IR 12 RO DR MRS 2 A 52PR HR
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Hrpr ) P FREFREEICE; Py FRBRIESE;
P RRFEIRIEAR, P RREIER,

A, T L A 0
ARG WPERE . EIE]( True Positive, TP) | B 1EH
(False Positive, FP) . B i fj] ( True Negative, TN)
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*1 HERERBEER
Table 1 Classification result confusion matrix
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IE 4 4
EH FIERI(TP) BB FN)
S ERIEMI (FP) FJZGI(TN)
WERR ( Accuracy , ACC) RUHTEARX TR,
ACC = P+ TN x 100% (13)

TP + FP + FN + TN
1.3.2 Hik Rk
KT SRR, it R B S B
K19 ( Cross Entropy Loss) 7E A5 2 A%, Hixg LA
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L =- 2 Z Y,(lh,m,c)log(S(Xn) (h,yw,e) ) (14>
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[ 19-21 ]d H] FBank FFAEAE A #i 25 9 45 B g A, 28
LT NHXT S A b #1077 =8, A N B IOS & 15
SRR DR AR B A 7 SRR T 2 AR B
G MARRR, 5 — i, SCEk[22-26] WR A
MFCC fE R P 22 W 28 55 A, #£ FBank JEAth I 9F 17 55
B TL AR B AR 5] MFCC, e UL LAt b, SClk[ 17] R
H MFCC + Mel Spectrogram + Contrast F 15 FF-E
MR & TR AR R, A, SCER[ 27 ] 45 &
MFCC F1 GFCC, J& JUHg 2R A 5 48135 R % (MGCC) ,
BESR A XA
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Table 2 Summary of various methods of voiceprint recognition
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CNN [20]
(21]

[22]

[23]

[24]

[25]

[17]

RegNet [19]

RNN

[26]

[28]

[29]

MFCC

spectrogram

MFCC

FM spectrogram

MFCC + GFCC

FBank

MFCC + Mel

Spectrogram + Contrast

FBank

FBank

MFCC

MFCC

MFCC

454 T CNN A2 FRBE IR 252 HL(RBM) |, T 4h B /INEE AR B0 80 45 B4 75 2R 1 )
BT TIMIT 155 50 22 R B ER R I8 2] T 97. 80%

I YRS L R A TR IR GE , LRSS CNN I LSTM. 19 3R B 2 ) i
TR AT P BORS , CEAR T RO SRR R TR O 97. 42%

AT H o L CNN 5 2410125 M 26 (i T35 B MFCC B R A . i
25 RET H T A AR AN AN 2 DU AR AL () 2 LR e I ik, A
FE S BRI CNN 7E K B 15 B BN ZR3RAT w45 5 90. 15%

454G T —4k CNN R G (FM) | FI T 3R IR 5 AR, I I i Ja 1 25 Jok
SR, TN DR AL B E , HEAE 4R T —FhEE T Softmax {5 2% FI-F-
LS A8 T s, AR SR . IRUNMERf <155 99. 21%

TR T G A T MFCC #l GFCC, LLHESR LS A8 IX 401 | B 7 43
BRI AL B CNN A1) ] 45916 2R B 0T X 4% ( BiGRU ) 194 B M 46 ( CNN-SE -
BiGRU) , F-HJ U ZAF T 96. 05%

3 3543 4 £ FUAT CBAM ( Convolutional Block Attention Module ) 2i#E CNN /4% | 7£
FRIESE A L UM MERGRIAE] T 99. 07%

MR T 4 F R A9 FF1E . MFCC . Mel Spectrogram . Chroma . 451 1 X Lt &
( Contrast) FIFF I H.0> ( Tonnetz) , M H IR G, Ffiz H CNN BRI 4325w R ik
) 99.52%

PP 20 9 25 B 48 2R (NAS) BiAR il RegNet M8 N 45 F 4R (B S BUA A,
& THCHS-30 Bl A A9 PUMER FI5 5 91. 95%

FIH] CNN Ab 2 FR A0 SN T35 18] P 32 305 05 5 19 PR ARRAIE , 70 ik 28 45
AEHR A SR RNN 52 1805 SRS, PUER HRIA 2 T 95. 42%

i@ 12 PCA ( Principal Component Analysis) #1745 fiF B 48 30 13 LSTM W 45 1 A
YRRl 2] 18 THCHS-30 ARSI %0 91.84%

PRER T BB T R B, R RNN REASHIBCS R SCHH DG AR , A5 16
W WA AR Mg & IRUIHER SR IA F) 90% L

SR A0E o 28 [ 4% 308 3 2 SR AR B 420 190 4 0 16 A0 Bl 28 0 245 100 19 7 2
— TR . IR B R A B BRI 22 R 2 AR, UIMERfR 2 98. 63%
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75 260 21 At R 0 A5 DR 225 i 7 AR U ), ax AR
it —25 1 55 T 75 S0 e AR A TR 1
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2.4 FYURGIEERE

PSR R PR L T TSR S B 44
TR SUBAE B R G, #E 75 S0 AR A58 5 0 4
SRR EEAER SRR M SO EE Y
b AR TR i P ORI SRR AR S T LA R B ] A
AT, REGEEW 2 ETESU) TS
BE R R A R IR RS e U s A SO
Rz I3k 3,
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Table 3 Summary of voiceprint recognition databases

B2 R Zhila

A4
I

TIMIT https : // catalog. ldc. upenn. edu/LDC93S1

Librispeech https://www. openslr. org/12
VoxCeleb https://www. robots. ox. ac. uk/ ~
vgg/ data/voxceleb/
THCHS-30 https://www. openslr. org/18/

Free ST Chinese https://www. openslr. org/38/

Mandarin Corpus

Aishell-1 https ://www. aishelltech. com/kysjcp

P UL%&( TI) JRA BT % B (MIT) A1 SRI International ( SRI) &

b, SkAEE 8 A~ E2 5 X B9 630 1 Uil &, & A 10
AT, SCBR[17] . [22] [25] P,

KIS TETE S IR EAE AR 5 K29 1000 h (9 16 kHz RAEEARRY
WEAFERAY EF  XEESEERIE T LibriVox W H . SCHk[10] |

[21]) i

FHABLAY 5 N IR AEAE A, 625 M YouTube RS P HEEIR 1 K B2 2L
SRR IOTE T BE A 150 000 4538 B, Sk A 1 251 i
AR BEIE N X BT AW 3 1 AS 6] B9 R IE | O3 I RAR i
HR R -, SCERk[ 7] .[8].[9].[25].[26] .[30] P i

H IR FIE & 515 S HR L (CSLT) KA 19— 1 SCiE
EHAEE , ST 30 h, REESTEE 16 kHz, RAEK/D 16 bits, 3C

Bk[ 197 [ 28] i

i Surfingtech ( www. surfing. ai ) $& 44 6 2% o S0 15 15 BHE 4 &

855 Z UL 1Y 102 600 %75, SCHR[ 21 ] *h i
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KHHE R .

(2) TREF R BRIV, 2 T 75 8o Uil () 4 g
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(3) TEABE M Rl o AR SR HE S R, R &L
PO A T By s T R 0K
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