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Abstract: Currently, deaf people mainly use sign language to communicate with healthy people, however, most
healthy people are untrained in sign language training. Therefore, it is of great importance to translate the sign
language into spoken language using deaf accents that can be comprehended by the healthy people. To investigate the
feasibility of text to speech (TTS) for the deaf people, the speech characteristics are analyzed firstly in this paper, and
then, the TTS algorithms, which are capable of generating high naturalness and clarity speeches with deaf people's own
voice characteristics, and the evaluation methods for these algorithms are developed. In this paper, a voice conversion
and TTS method for mildly disabled deaf people and a voice cloning method for sever deaf people based on the
characteristics of their speech are proposed. According to the analysis results, the voice of the mildly disabled deaf
person has some similarities with the healthy voice, so the AdaIN-VC speech conversion model is used to convert the
voice with the timbre and high understanding of the deaf person, and the converted voice is combined with the
Tacotron2 speech synthesis model to map the text to the speech. Considering the instability of severely disabled deaf
speech, the ECAPA-TDNN is used as the speaker coder for the tone representation of severely disabled deaf people to
obtain accurate deaf representations. In addition, the style migration module based on the base frequency emotion
classification is introduced to transfer the style of the synthetic speech. The experimental results show that under the
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condition of ensuring certain similarity, the subjective opinion scores of the two mild deaf people in the experiment
increased from 2.53 and 3.06 to 2.88 and 3.21, respectively, and the misword rate of speech recognition is reduced from
100% to 80.77% and 76.91%, respectively. Similarly, the rate of subjective miswords proposed in the paper has also
decreased significantly. However, in the experiment of speech cloning, the subjective similarity opinion score for the
similarity of the severely disabled deaf speech and its own timbre reached 3, and the natural subjective opinion score
and emotional expression ability of the deaf speech are improved.

Key words: text to speech (TTS); voice conversion; voice cloning; style transfer
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Fig.2 The log-Mel spectra of healthy and deaf people
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Fig.3 A framework for voice conversion and synthesis of mild deaf people
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B AN R D ORI B R W R 256 4
B iR NS . fi# 5 %% H Pre-Net. LSTM Al Post-
Net 4H i« Pre-Net # 2 = [ % 1 J= F1 Post-Net H
5 EBRERGBIZ KN 3. 0 FdRE s xs
P SCARBAR AT IH— 10 A SR, B
Prfd S BERR B fE , X — AN R Bon i B
MBCEARE . BN,  “wo3” PRRREL “w” “o” H
“37 Ja, WREFRNE NS RRY, A
256 4 IR ANTDAE A SCAR Gl 4 FIRFIERN o

HiFi-GAN 7 fiZh 2% 1) W 4% 45 i 5 Sk [17]+
V1 EEA—F, AR LRFEE M _LREE E ) A
8. 8. 2 M 218N 5. 5. 4 A2, HENEMREZK
IMETCN 104 10, 8 Fl 4. A SCAd (1) 75 i g A 7

SR E M _EFFFR SRR, R | 3215
413 SERGR 5N

AR SCAEFH MOS 43 1E RiE - A BT = 10T 48
Fr, MOS & —Fh E ML Tk, Tz N T
A BUR BRI, 2B B BARR R
HikZ—. HIRE MOS 1 5 5 FRnE RAE S i
BRI, 1 RGBS RE™E, HUE
SMOS =7 [FIFER 5 4, Ron 5 R BE NG & &
FEAL. AT = MOS R4 Al SMOS #4315
52 i 20 ALFIlN FEMIF4 1 95% BAS AR .

Wk 1 PR, ARICH g NN B
{H (ground truth, GT) DA J2 B 2 & B 15 & 347
TMOSHIW /. £ 19, “H” RnlH
Tacotron2 {E N AR, HiFi-GAN /ENFE Y2 H
AWM ESEME R A GT ) MOS i 4.49+
0.09, & JIETE MOS N 4.22+0.17, it B ZE{EIT A
(1) 5 56 Hh B B T TR R R R AT . T AR R N
GT [ 4R E MOS 1N 2.9420.19, X £l T8k
FEMENA B [ R ANEW . ARS8, 6T E
PREME R, BB R 2N H AN X
WrldE, T ELPLEEEZE, KU GT 1 MOS 1UH
2.40+0.25, [FIRFH T EAREW AWK & AREE,
S B F HAE S 3T B 4R
£1 BREASEMANEE (GT) REEARESNREEIT

F3EFR (MOS)
Table 1 MOS of GT and direct synthesis of the healthy and

deaf people

AN A EH HREMOS

7 GT 4.49+0.09

=101 4.22+0.17

TN GT 2.94+0.19

!
B Ak 2.77+0.29
e GT 2.40+0.25
FHIREMA

=y

KT H AR MOS. % 4 AH 8L SMOS.
WER EAJ¢ SWER TE AV 48R, TPMZTT A2 &
BA SRR AT AT M . SRB0EE B dm002 Fl 4 P
dm004 {118 3 HEAT VPG . BT IE S FE s AU 35
Ui N PR 1A R R AT R e, RSO R
dm002 5 dm004 £ M A 1 & 12 47 32 W0 1 38 HL
EHUE S bR R & Bcha e . et B m
VB o 155 F W& B VR 45 a0k 2 B
TN, 2 R RORTE S 1) log-Mel
F HiFi-GAN S8 E RiEE Mkt . £ 2 “F%
Pt A7 3RS TE ¥ S I AEE AE S Tacotron2
FIgrEm N, [FEAE(E ] HiFi-GAN 7 S 2805 NG &
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Table 2 GT and the naturalness, intelligibility and similarity of voice conversion and synthesis of the healthy and deaf people
AL N eyt i HAREMOS BB SMOS WER/% SWER/%
A GT 4.48+0.09 - 5.42 0.00
i 3.35+£0.31 3.37+0.28 25.56 15.75
GT 2.53+0.35 - 100.00 94.00
dmO02E M A i 2.9440.19 3.13+0.31 72.50 58.44
A R 2.88+0.17 2.98+0.27 80.77 56.77
GT 3.06+£0.46 - 100.00 56.42
dmO04ZE M A L2 3.3240.27 3.24+0.22 61.25 40.22
A R 3.21£0.30 3.11+0.40 76.91 45.14
8 H AR5 I I ZR1E 5 B AT I g A vE e A 3

M 2 A4, T 8 3w p g T B 1E A
GT 1°F1 MOS 4 4.48+0.09, H.iE Iy A 1 B 45
HNIEMW, WER N 5.4%(iE i % AISHELL-1. #5 I
B 22 75 DL A2 AISHELL-3P9= /N $48 4E 1 100 4
TR, RN NG5S R B B BT
), SWER A4 0%(& &7 EM ] ). iz 5
()15 5 H SR MOS Fl a6 FF 35 5 BE S B
MOS T~ B 1) =5 2 Ji R 7 46 S 0 5 O 7R i, 1
AR R R R B T A RO U R TR
(). MERERZZEME A dm002 L& dm004 [ GT ¥4
febrml &0, BARBTREBW AN MBS B RNIETH
SWER A4 100%, FELERA XCARIRR T, &6
3R N 57 RE IS T A B A8 S o H TR IR
AR AR, HRIE W BRI AR
ARNBEJTHT, WER 4 100%. k2 )5 115
B MOS 53| 1 & i $2 A, 1 H WER A1 SWER
R3] T KIE AL . SMOS 4 fEik 3 3 424 (3
gy, FONFERIE AR BA EW A RRE . T
1E Tacotron2 & & A2 5, dm002 1 dm004 [ H
SREE MOS. % & SMOS. WER I SWER 45 1%
Wb R 5 GT AL, ARIESEERE . B
HE FHREMRT, RIZ7 AR R RS
AT EUUALE, FET LUS AR R 1)1E
HHM S AR
42 MHEEEZREMANES RMEGE

BN E S v P

(1) BhiE N g i 45 £ 48 48 - {8 A King-ASR-
459 B EE N UL TE N dnfdgs Il SR8 4 . Ik
IF, FLIEHC 1 800 fi7 1k i A [ 185 930 % i k47
. K 80 4 log-Mel 1F Il 25 115 35 B,
$i& HISF T K 0 i F2 53 03] B BN 25 ms A1 10 ms.
TESRELZ BT, X8 Sk AT B oRAE CRIER B 2
16 kHz). VAD. H—{L FIFiInE L2 . Il ZRi
K FH T U5 B4 1 75 K04 B MUSANPILL & RIRPI% 5

4.2.1

(2) & B A% B ¥ 4 A 75 ESD 5 8% £ 45 4 F
aidatatang_200hz $(#i4E . ASCAE R ESD 1E N 1E K
A B EOE S . X BIE R AR (angry)s
JF0 (happy). 37 (neutral). VH i (sad) A1 15 &
(surprise) 3t 5 AN [B] 15 SR A A% o i dE AR bR
20 AL AR UG N, Hor 0001 5~0010 5 i1 A
SERHE NS BE N, S A MU AR S 4
B BEE N R 1 0011~0020 5 U818 A 2 BEE
PRGN o YIRS B S N TR
Bl BB N BRI KRS 1500 2105k
10 A7 U 76 A 3£ 15000 25k, BFK 2958 31 he 1
Aidatatang_200hz KXY 2 i1 N Ed 51 b 78 4
4L, Aidatatang 200hz il 5 N E0Z0 08 600, A
2712000 s 15K FHIERAEZE N 16 kHzo H
FZUiik N\ ESD 4l £iB KA IR, H 2 RBUES
HHRBUREAE, PRSI N Aidatatang200hz £ it
Tl N B R BE AL AR B 75 7y b o ) B 2 Ui N
o fs ARG E .

422 HEAIECE

ECAPA-TDNN [1] ¥ 4% &5 #4) 5 SC ik [13]4 —
B/, AN 192 480 R AR N ULTE RS, I
iy, RN 64, RALER{E Adam, F:iIIZR
80 6. HIUHZAIH N 0.001, FHIEAR 5 RE ST T
/NEJFEFR 90%. Tacotron2 F1 HiFi-GAN ] 45 4 &
228123 TR . WA IR AR 5 & B3 SCAFRE
35 256 4E, ARSCPHE T U00E ARG FIK
B B ONBS 5, AR i H IR 4 B2 3 & 704(256+
256+192). JEZeid £ ik 2 it ik 128 4EAE M fRhs 24
ORI
423 LR 55T

(1) BEE N R A EE R . A SO A A4 King-
ASR-459 Dl J¢ JF 55 AISHELL-127, #25% 0 A %
AR (5 N) R EL 5 2 W0 N A4 45 (10 N) #E47 Ud i
MR B B R SE A . AISHELL-1 3t 178h fU1E 3%,
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EIUCRFE RN 16 kHz, LAE 400 A7 316 N, H
Rl R EE . DR AR G IR 4 40 I L5 340, 20 LA
K 40 A7 i N HIIERE . B EW AN BIEES
SHLUETE N, A 300 A iER . EREW AR
10 A2 36 A, A N [FFE 300 AJiB R, & 3 KA %%
iR (equal error rate, EER) Al & /MM AC A B8 %L
(minimum detection cost function, minDCF) 3K ¥'F it
ECAPA-TDNN 5#%] LSTM ()3 15 AR 5 #: g LA
JnE BN\ 1 AT N B R 2 s e
#3 TREIIEAGIDELIRRIM A

Table 3 Speaker recognition performances of different
speaker encoders

A WGEPE  WRIFFHEE EER  MinDCF

AISHELL-1 1.120  0.098
KingASR-459 3FREM AN  2.678 0.107
HIRFEM A 33.622  0.763

LSTM(J££k)

AISHELL-1 0.601  0.043
ECAPA-TDNN KingASR-459 #F:ZWM A 2.069 0.058
BEHLEM AN 30494  0.649

DR, Bhi & 30E N B K I BHE i HE
Bho MBLRLIHERE B8, AHELT LSTM (JE4)
B, Toi 2 AT N Eds 42540 72 8 W0\ 1) s
£5, ECAPA-TDNN #5714 75 % 56 UF £ 48 45 1 2R 45
e FHELe B . AISHELL-1 %(# 4 ECAPA-TDNN
REAI ) EER LU BE LR IR AR X PRI T 46%, Tix T
BRI N5 ER BN FIEHRLE, 43 BIAH XS B
T 8% 1 9%. MEHE4E L, AISHELL-1 ¥4
(") BER £ ik, WU TERE SR, HARERGREME A 1)
P RENE S BRI, (EA AR AT (R P
IR 3G N R R ZE . ATRE RN E
FRAEEME (35 SR AR K B R S A ke, it
Toid B A PR N E R ZR s N R 5 R Gu 3k
A B N AN ) ) LR N RS o 78T A1
B TR, Bl P R NS 7 AT
B o RO AE T PR U8 AR B i, (EL R — 3t
T AR RL 2 18 NS (0 2 A7t 2 AP AE 25 5
o1l G 14 R s A R () AR SR AU AR B 0.7, 35 %)
HAR P2, SHIEAARFRE M. A0k
HH A FH R ke N 1Y) 22 A 4R iR AR R A e 1 1 -
B NGS (5 A)) N UEE NRAE, Z 7768
HLEREW NS O ATE R, itk E iR E
IOR=REN ONTR

(2) TN XA 3 2R g B . 36T LA AE 1)
T B & e BER LIS R, AR SO S ESD 1% K
PR BT HAE 2. R R K 7 R,
B R RIHER N 64.8%. 5. TR0,

Sy YH R R R A R = a0 R
999, 998, 998. 1000 F1997. Hr, R 5| fE i
U )2 R S AIVE A G B, 3K P R ) U T 6 2 e
F]70.0%. T 2 A OE K. A 7 F]
DUE Y, T Co Rt 5 155 B P 1R & SR A B T3
Mt IR, LB S RWE . BB g B R AT RE A
D ESD %4 4 vp T fh A B8 2 N, L
FKILRE I HLPRE A —E £, @ oAl E
PRI B ) R 2 Ul AR m) B 1 J8% . AT
B A B A Ll AR LS, BT LR Sl 25
SR U T e Ath 0 175 Tk s 22

ik b

396 8 9

=
iy

R PL T

T FRAE

7 g

Fig.7 Result of emotion classification for pitch
(3) B s AR B BT . A SR AR SR Y
f R N BENLIZEL 2 A AE D & sl & i 0
XL Y1 N & KA 2 SKAE R AT VR4 (AL
PIEASE 10 5%), SR 4 Pros. ik 4 W,
PHAE LG A E SR E MOS 135 1 SMOS 15
Kifeik#) 3.5 7 LA L. 7EXUA& SMOS J7 i, 1R
WA B R AL, HOREE, mAERNE
2.63 [P0y, NR A FTLUE H, BAYLE ARG
DU, AR ALTEE R E R, T2 MOS A
SMOS BIReIEE] 4 73 LA E, T SRR AR LU B 22
FRAEA . BETIFEMUTN, B 7HEE XS0,
LAl A% & BGIE & B) SR MOS A W2 R
Fé. Fth SMOS f i oAz, Hopth KUK AR A
JEA R TR, X T ISR U AR M
SCH AL RS I TE . KU% SMOS 1 3R L 4 /Y
FEHAL XM o MIT A B M 45 b A] UK
B, EHH) MOS 7y EE ML 5 35 A SR 52Tt
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Table 4 Results of pitch-based style transfer voice cloning

Yiig AN RS GT HE B EMOS HEARELESMOS RAEAR{ELEESMOS
AR 4.7120.13 3.75+0.38 3.67+0.32 2.63+£0.33
Fta 4.64+0.18 3.9440.41 3.7140.38 3.13+0.36
ZEIN R 4.54+0.16 4.11+0.40 4.25+0.24 4.21+0.17
Hik 4.53+0.16 3.94+0.38 3.93+0.31 3.56+0.28
=2 4.67+0.14 3.75+0.39 3.56+0.35 3.17+0.33
Xt - 3.59+0.24 3.31+0.50 2.88+0.59
FaRIIN - 3.3440.29 3.1240.53 2.69+0.58
FFEE{EIT A VA 4.81+0.13 3.78+0.24 3.6140.52 3.754+0.52
Hik - 3.12+0.33 3.25+0.52 4.05+0.51
=2 - 3.56+0.24 3.31+0.55 3.31+0.66
ER - 3.44+0.31 2.96+0.50 2.56+0.37
FARIIN - 3.814+0.27 3.2140.43 2.434+0.42
FHEEHE TR EM A VA 2.81+0.57 3.75+0.28 3.21+0.47 3.25+0.39
Hik - 3.56+0.25 3.39+0.35 4.00£0.49
=2 - 3.31+0.29 3.01£0.41 2.44+0.36

AIBLE SMOS BRAESAME LASE, BIRERE] 3 4,
RPEHEOSREWNE O —ERHLE. &
SRR AHEUEE SMOS _ERBLIIA L, (H A5 IR BE T
AR A R RSB B R 75K, B R A AT A R X
IRAFIE AT 5 o

5 45

et B AT P9 A B AE A T 1 i)
AT T A FEREBE W B S IE, FEA)
T AN [ e R P ) B N T R P A
%, RS TAERE . AR, AR TR S
N B E T A AR R OB S AR AR
Gr. SLHREE AR, TR ENE N B AN
B ROTERE KRR S & B S A, HA K
(5 B — AU o TH] A S5 5% 220N (115 &
i B T A RE I U TR A\ gt % ECAPA-TDNN $2HL
AERR B Ui NSRAE,  JEARYE R EME A RN
G B S5z UE AL & (. BRILZAE, 51N
R R T RS AT ER B = 5 4 H V3 ARG, (RS
EE BRI TE . BB RLIE AR U0TE N XA
MBS B R, (EAH LL T S i Bl 5 & A
G A SCHTHR H RS BT SR RE A s HH 22 FAS [ JXUAS
PiEE, e TEEmRIN I,
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