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Abstract

There is a lack of phonetic diversity in Mongolian corpus. Although manpower and
funds spent on data collection can increase the number of phonetic sounds to some
extent, the whole process needs a lot of time. Data augmentation can solve the problem
of data scarcity, but the environmental noise contained in the training data of the
data augmentation model cannot be controlled, resulting in background noise in the
augmentation speech. In this paper, a speech data augmentation method combining
TTS and speech enhancement is proposed. Based on the speech spectrum graph,
speech enhancement is carried out from two dimensions: frequency domain and time
domain. Multiple experiments show that the qualified rate of Mongolian augmented
speech reaches 70%, the CBAK and COVL of augmented speech decrease by 0.66 and
0.81, and WER and SER decrease by 2.75% and 2.05%, respectively.

Keywords: Speech enhancement , Data augmentation , Noise robustness ,
Mongolian
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1 58

SZoielE—MREEES, EREEIESTRIIGEET2AER. AT RmEZHEE
HBORERMBI IR IRBIEREE, FTLCRAESEIRE - EEEaRg v LB [R5
EEIRE U IR E A, LU RO RE SRR B S AN BRI . TTSE —F H
MTE SRR 7%, ARSI EERETEFTHIE AN SN . R, SEXEFET
FHIFEEESEREAR, BHTTSESSIESG AR ERBTESNES . DSIAES
YEiE ANHHFFAL -« XA RE2 SBUE T B X 2| T0IEE R AR AN A MR B BORmm - Iboh, FESEH
BRET, FEBRNERNEENS, HNSE . TEEE - FRTEmEfoosiEs.
XERR R 5 SEOEFEIRE T RS EU S EMNESE R RIRE, NmSEE T EREE K
Ho Fitt, AXEERRESEIES SRETHRESHRMERE, FSETENATETIESS
i (Text to Speech, TTS)AIHEHEZE, LU & HEEIENI R -

B HS9% (1] (Speech Enhancement, SE) SR H/DE RBERESESNE, £iE5E
FETOHFH—NEELRT, HEZEWEREEFTIEWE, EmiRm M RS RE
BN . BENREES NE SR EHE MG, MERE S 03 7 VE DU v
TRFALEGNIR N, PR RA [ 2) 8 1 U6l 25 A VB 2 3 (R B P Mg 7=l 22 SR AT )7 P )
B ORGSR T AR RIR R o HEGNIRIN 3] R E LT A (E 5, Eid
THEMEIR AT AN RSB = E AT A FIRE B9 - (HETE 5 M RSE RN HTLEE
R, ks BE —ERPRatE, T B SRS AR, XIRH T REIRERMN HT 5 .
ETUREME M GRE SR BE BRI EMFEERNAY R, BHETERTEEE
T (A BN (5 5 TR 5], SRA B A7 AT 20, RERE B0E R R R i
RPN, EAR B /R AR (5] 1 R A IR B AN SE BB H(E R - IR M 41
X, FSESEFEIEE IS SRR SRS B, HRESMEE T IR
MRE, REETEERIRE

HAT, FEFE N MFESHISEM R H AL . ACRSETTEIMARIE T TTSHS 51k
BEWTEAF, ZTES S T SRR A SR RN E R RS AR, LR AR
AR BRI -

2 MXRIIE

EFIRE % SIMSEN £ FEEMAFEDNN . CNNFLSTME F4% - Karjold A6 HET £
DNNHSE R 7%, FAH— DT IEMSRENERAGZ ML, ZTIEERNERE T8
B i & A (Perceptual Evaluation of Speech quality, PESQ)- Y Zhao% A [7]3# it FEH1 2k
BRI NE S AT R AR B R ITDNNRY e, 72 PSR LA S R N R mE T
[ - Bagchi%é A\[Q#EATDNNEA A 2, RAEI0R 5 (Sl R 25 & A R 58 H 1 T iR
. [BAEETDNNWSEMEFRZERNESE, HWIMEREMRLAN T 2SS E0ERIEE B -

N T EHRE B EN EIE S, SEJI LI 16 -HDNN/A] J& P 25 [ 48 (Recurrent Neural
Network, RNN)FI4 A # 42 F 4% (Convolutional Neural Network, CNN)#ZE . Maas% A[9]f#
FARNNIE 38 7 R 52 FIMEFCCHFAE,  F) FH SLARMR P A0 T S R IR AT I 2R, TR R 75 75
)T EAFE - GaoS5 A\ [10[#& H T —MILSTMAHHR > HESR, Rif A A 8] B AR Al i dAT
PERZII NP B, ZMTETURSMHAZ DI ERNER, ZBEEER, ZEK
EME LA N RISEMERE - LA, SRAARNNGABENS SEEAE PRSI PERR S [11) ~ TR AW [12) 81 £ 18 E
M AR (13 H0TE B £ M . 2T ONNRIEF RS A EEFT /I EE R, TR
B E S HREEIRE R, VNS EAET E#EEEE AE S 5R « Kinoshita®s A [14]3%
BE BN ESRMS15]E 4, KHACNNIER Tk bt £, EfiEEE®. P
Plantinga®# \[16]{# F 72 2= 48 L BRZ R F EIWRAGS . HBIResNet KBRS ZRAE R IR
BRI, RAZTIES TR A IR, S NS P T o nge s St -

18I RNNFICNNAHEE [ 48 AT S5 AT LU TE = (5 5 R FPAFIE, alid 2 03]
B Z B IE DR 52 =B E R AR, (ERNNAICNN M SR A7 72 e e S HON B & 7]
R, PRI LS 451 E R M, T BUBE RN SR AT 32 - RESEJ AN A S B
TTTSHIZ H B TE S B2 o AT LAFERE B I GRS X B 7 B VERESEAT A4, T BE 4 it
PRI A RS 20 H 8 2 o & B A ) S AR -

B TR RS A SRR, BI5T-M163TT, WK, hE, 202348 H3HE5H.
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Figure 1: M &1 05 S 4 A 280 &

3 ik
3.1 MEEBAIETERS

N TREETTTSHY S BRI S K& E T, EEEENEETINASEMLS, BESHEL
HEEMGEMIMELT R, &R E B UK R B IMelFE K, B Meldi 1 E GE 7 [F]
I R R G S I SIS R (E R, SER A FHX — 4 PR (8 A ODE B AL T g 58, B R
LRI Ay R WE B I HLH B8 B 1S 98 4% (Double Attention Speech Enhancement, D-Attention-
SE) ¢ Xnoize = RTFRINESINEF BIMeSE 7] &, THRRN RI4EE, FRRMEBYERE . &
FAKZCONNN X0 38, i IS 905 FOMelBUEAFAEV, I8 F) FH SR & AL It 24 o2
HIRREIRIEV ;. RV RSN BIE R A LE R B, BREGEE R TRIUE R EV” -
MR TIHLHIE B 1G58 W 4K G J R IEV AL 0 = RTWFe HAk R /RKZ ONNILE 5T
WFIE - B&Jm . AMEAFIEOIE 1T Sigmoid v 5 4 Hi MR LUFEREM, RIZAERE 5 IR HTE BT A
AR, IE R R A R O Me I B, i Y R A CE HMe IS X, 75 T8 A F R Me T 1 1]
NS, SRINAISURA Y S R A 5

3.2 XERSIHLHI P 4%

BOER AL S FE A EE R AVLEIFE EEE VLS, EMEERmERR, BF
IR R ASEE R VLS, RIS AR EE R LS - MG ST BNV =
arp OV, V' =ar o V', Efapfars 3R RmEEBEMEEIEROMNE, HEiRMelil g s
TEVSap s, BEPUESIEEFHEV; VSarsde, BEINIEIGRIEV?, SCHI 45 13
TRINEE o FESIIER IVLEIF, B e N A SHIE RS B 4 T s KA R AL, A Y
ML RFITHHE S, BB A T B AL R P33 ML - B a il A2 H A Sigmoid 3
HERECTEEREEE TN Ear, Fapr5VIHITHAR, BEPEESIEV - BEER L
i) 5 AR B I ALHI R AL, W SEE B AL SR PV RHE VO T S i A AU L, RIS
HZEFISigmoid T AT BB RN HE B NN Ea,, W) HBEYT BYERE, 5V S HIEEIR
WERRHIE,  SEEAECRNI S5 PR 45 B2 I Mel ST G 58

3.3  BEA)|Z
WA B 1) 5 158 9 45 15 F 45 77 2% (Mean: Square Error, MSE)VERAHIE AL, HIRK R
HANA S (1) BT -
Loss = leXnOiseQM_XcleanH2 |
H A, Xnise 7 71 17 MEMElIE B, X jean R 25 B HIMelSH 3 1B, nK IRMel ) 5 R 54 #L R
B, MZERMelSE 1M LU HERE o« XE R 1L FISE M 24 7E Il 250 12 ZE B e B 0

S E e E T E S AR SO, 1550516300, M/RIE, i, 202348 3HE5H .
(c) 2023 HEPIFERFEHFETFENRAR
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Figure 2: B[ B 175 & 4 9 W 4% 4514

PLHEIFOB R R VL FAE , BB EMe S ALE, & I B A EHa p MR 5
RN Ear, FHapflarsKHEEEERIMeFERFIEV” , ZIIGREIRNERLFTS] -

Table 1: AV ZRE 1%
BN EEEEMIEE X, ;. THRBEEMeUERIX ye0n: IR Eepoch;
Byt MREHCM; HEERIMelIE EIX
For ¢ = 0; epoch do

V = Trainegm (Xnoise, Xeiean) / /R M 4 CN N2
ap = F_ Attention(V) /] B I E
VI=V(©Oar
ar = T_ Attention (V') /] AR R I E
V'=V'®ar

H = Sigmoid (V")
If Xnoise oM 7& Xclean :
ap = backpropogation(Loss)
ar = backpropogation(Loss)
Else:
Return X

4 S

4.1 TLHRRE

75 15 F 5 W 48 BN ZRid AR 7, R Audio Set[17)509E 5 1 i RE FE I A B 5 B B & 4
P& EIMUT-MC1H , 58] T @ BT N AF AR S N8, AT I %08 S 48 58 W
2% . Audio Set €& IR E LA IR FEEASE, AHF NSRS . shRE « 5K |
HORRE MBS | JIGREIRINFR 20 .

Table 2: V&5 3858 M 45| SR 505
WaRE SRR XARA)F wWE AR HH CPFEEAE CFHRK Bk
5K 12555 2237 1 §’8 6 12% 4.1h

R B 1E SR AR SRid Re T, BE BREER Y16k Hz, R RiEE A TS
F—EN-1,1], WA (RIS R A SRR - Adam UL Z X REALEBEE FREEfT ML, fitE

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
WE R 2
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W R/INRAEES, BT IRRRKESTHARAD, it R mEriEE HoHITERT - 1oh,
WERRECN5005, 2£>] K HN2e-4 -

4.2 WHHTER

FEMEE SRR FE RS, N IESTHRE - B R EMIEEREE R
R="AEHETEEEN - 2 E LR 5 (Mean Opinion Score, MOS)F 4 B & 4%
% (Generated Pass Rate, GPR)XEE it & AT 1A - 1% 77 V& R TR AR 6 45 B 5 4] £ (Missing
Words, MW) -~ ZFHf)%{(Insert Words, IW) - FFE1%(Word Sequence Error, WSE) -~ X &
¥H1% (Pronunciation Error, PE)~ MtE A)%{(Noise Sentence, NS)FITCIFMILIEH N AL (Without
Foreign Speakers, WFS). HA, MWZERRE EEFETHREAME: IWRRE HEH
N T AEXS RLCATA ) A4 WSER R S X FINFHE R E: PER ARG EE AT
RHEIEG NSEORIE T EE HFAERE A, WFSERRAERGE S F A IS ML IE A E
B o EAAEHZE (Generated Pass Rate, GPR): GPRIEA TN HEHEHEIRIIA]FE S E A
¥ (Total Sentences, TS)HIAE T, W (2)-

GPR = (1— MW+IW+WS§J§PE+NS+WFS) % 100% (2)

158 F # /R 433 2k B (Mel Cepstral Distortion, MCD)X & 1 B R E#H T M - FHE R
T2 &M (The Composite Measure for Background Interferences, CBAK)F1 /& {4 45 & Ml
J%[18](The Overall Composite Measure, COVL)PEANEE H IR FFIHIREERSCR, HEUETE
FBN1EI5. sbHh, MR UOE ARESIIGESRBIER, BB s IR riasERE  (Word
Error Rate, WER) FlA)J451%% (Sentence Error Rate, SER)FIEANE H 77 1% HE 80 -

4.3 SERER5S ST
4.3.1 BRESEE

HT IR B E B MR SR, [ IO 2R B R R R R AME AT
W, NEAERE R EFEIOAFRE AN, B UE AL B [F 920055 7 &,
IEE R W #3AF51 o IMUT-MC1-N1~ IMUT-MC1-N2+ IMUT-MC1-N3 . IMUT-MC1-
N4AFIIMUT-MC1-N5R /R I S ME & A7 e s R BB A 3 T #dR 88, H A IMUT-MC1-N1 C
IMUT-MC1-N2 C IMUT-MC1-N3 € IMUT-MC1-N4 C IMUT-MC1-N5, IMUT-MC1-N5F6,
ET KRR SYMERE . HIRMEFE . FRMEE IR RS TR NEIME A TR TR
BRIV, A MR vIEA -

Table 3: X HCA[FRHE T R &
HR BEEERAIE YLEAE BRAE ) BEK (h)

IMUT-MC1-N1 1 10 0.2 2.4
IMUT-MC1-N2 2 20 0.4 4.8
IMUT-MC1-N3 3 30 0.6 5.2
IMUT-MC1-N4 4 40 0.8 7.6
IMUT-MC1-N5 ) 50 1.0 10.0

T E AN E MRS MBS A TIEF BT, SIMUT-MC1-N5AF F 280 B 3 5= R A
TEE TN, SRR B RS R SO N 2004538 1B S, WIBERE - BIREFER
FEHIFR B RIGUEIR B VAR AR, T B F RN s R INF4AN S - ST FR3AAN, T
PR N B EIGPRERIAR|65%, ) 1B & MEE A RAEIT0%; MOSHIEE|4.0L0L 1,
SEE IR T EE AIMOSERR, XRIFEM A G5 NiEEHE, AR T~
AEE N IEE IR E - MCDEIWEN S R/NT19.20, MW A ER TS5 SR NG &
HN19.61, KBS HEMEENEIRE T BT ERE . 14, CBAKFMCOVLIES
KF2.600 L, HHEIMEEF RIS, CBAKFMCOVLE T EAHRIR, F0E S50/ 4% 5 3%
AR T AR BB SR

M T 5§ 1EDouble-Attention-SEFT X M A £ IE IS 7 AU B B 1E, A & 1060 001E N FEE1E
FMAREE, 35S AR S ERSR T 3G T BB ISR 75 2R AT, 8 I L e g
k% SO [F] BI2005% 78 5 - {8 BN [RI MR A5 BABE N A3 T SR S8 10 2 1 78 AR 2R i 5 SR

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
(c) 2023 HEPLFERFALWHHBETFRWERL
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Table 4: MR SEAPE1EEIE
o= P HRBEAY R s

T
LS GPR MOS MCD CBAK COVL
NERBERE  65% 410 19.05 2.77 2.71
HYIERE 5%  4.20 18.67 2.82 2.79
HIREERE  70%  4.13 18.23 2.69 2.64
FREEE 65%  4.08 19.11 2.66 2.61
YRR 75% 422 18.58 2.88 2.85

#55, FEINGEIEFMANFEEE IR TS 1B, AR DS 2 TR
B E IR RGO, HAL . DFISKH LRI IISRETE 55 FF%2.36% ~ 3.51%F11.33%,
X BH I ADouble- Attention-SERIE | 15 B LU 38 68 18 75 R B (R 75 2 1B 2 B 4 A\ 55 158 R0 I B
Bo LN, WERMISERS A FFE7.20%F16.88%, 4 iJII14r5E 61 & R AN[E MR S AR (O3 15
B, IMUT-MC1-N5EIEE YR A e MR &R _EIWERFISERE K, X EEAMAA
[FI R S EASE T B3 B B E NGB B R E B R B B R R R o S bt 1 A A3
IR E TR IR AR ERR R

Table 5: 1EFH IR SLLG 45 H

g s R A I D S WER SER
IMUT-MC1  7.29% 12.26% 6.99% 26.54% 31.04%
IMUT-MC1-N1 7.17% 12.14% 6.56% 25.87% 29.91%
IMUT-MC1-N2 6.93% 11.89% 6.42% 25.24% 29.72%
IMUT-MC1-N3  6.55% 11.01% 6.10% 23.66% 28.15%
IMUT-MC1-N4 5.32% 10.16% 5.91% 21.39% 25.88%
IMUT-MC1-N5 4.93% 8.75% 5.66% 19.34%  24.16

4.3.2 JHRLSEY

FEE T TTSWE H G T R Ao A 78 5 1G5 X 485 BRI/ ME = I AR RS | R T 8 St 5
i R R SRS E N, T G 5 ) 4% ISR S S AT 0, MR TE PR IE S BRI
B SRV VE NAFAE « 3858 R0 2% DL AN STUEE B S WL HISingle-Attention-SE N F A, A0 AT B
FIHLE], TR B S 1G58 W 48 fE B Double- Attention-SERI A 8 - T BLSZES MBS 1B S 1Y
FiE -~ HIREE < RS SRR B AE S B0 A 7 AT VA, S0 UE PR B B Y 5 ) 2 PR AR
o SR BURR T EE B ESHATEA, PRk S IIRE P AR IE AT EEER
A AT B IR BN, HRISCIR L R ANE6FTF - 4T #6741, Single-Attention-SE 1%
5None-SEAH., GPRAMMOSH HI3&E 7 2%#10.05; MCDFEE T70.13; CBAKFCOVLAHIF
% 70.42F10.25, & WFEFRAIECER/)N, % BASingle-Attention-SERE RN B - BIRIIATE
TR M EARTE T IEST AR E, (HiIEF IR FMWERMSERT & T 1.78%#1.77%,
ST RAIESHE MR THAMEEF MR EASFLE, SEEFTRINEHRET
[% . Double-Attention-SE/ % 5 None-SEFH Y, GPRAIMOSS Bl #E & 7 5%7410.10; MCDPF# 1R
T71.95; CBAKFICOVL4 B FF% 70.66510.81- b4, WERFISER T T 2.75%#12.05%, X
F BiDouble-Attention-SETE & H5H (W 44 FEFE i |18 & iU A 72 [R5 B B R IS M TS A\ RE
1E -

Table 6: JHRElSLgG 45 5
T GPR MOS MCD CBAK COVL WER SER
None-SE 65% 4.01% 20.68%  3.54% 3.66% 22.09% 26.21%
Single-Attention-SE 67% 4.06% 20.55% 3.12% 3.41%  23.87% 27.98%
Double-Attention-SE ~ 70% 4.11% 18.73%  2.88% 2.85% 19.34%  24.16

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
(c) 2023 HEPLFERFALWHHBETFRWERL
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4.3.3 XTHE

X B SEES B B HE I Double- Attention-SERS 58 77 14 5 2 TR B 24 ) BOTE & HE 98 77 15 1T 5
., fFEETFDNN . RNN . LSTMFResNet f1E S #9508 7%, [F] R 55 B B33 i 4 18 2 3G 9 77
% Time-Domain-SEFF /TN, ¥ FR I ABI R T TTSHIE S T A /R SR M E A
ANV IE AAE [F] B R S AT T, X TR S AT R IR BT R T VR RS, AT L
LERMWMRTIRY o AT RTAIFN, B 5B R 1B S FIGPRIYIARI60% A L, H- A Double-
Attention-SEHx 7 A70%, KMARE HEEMWRE THTEETAKE . LI, Double-
Attention-SEBUS T IZH X} H 3256 e R AYMOS « MCD - CBAKFICOVL, ¥ TEE 7%k, i
XA B, 1 ADouble-Attention-SE 7 {ERE 1B H CBAKFICOVLIFLIEZE /)N, HIEREF
7£1.002 7, [EWERFSERFIER MBI, SMultiple-DNN-SE/7 VAN ZRER A, 535
$910.98%119.86% - 3 BH/N[F] B34 58 77 V2480 ] LUB R a3 |G 2 ks BE—CREE L
SRR ULTE NFFE, SEUEZIRAERZEFEM, Double-Attention-SEZE 3 5% 15 F2 FH 4 Ui il A
FRERIRE IR, M HLEE IR & IKWERFISER -

Table 7: EEH TR HELINEER
Tk GPR MOS MCD CBAK COVL WER SER
Single-Attention-SE ~ 60%  3.98% 21.12%  3.72% 3.81% 30.32% 34.02%
Double-Attention-SE ~ 62%  4.01% 21.05%  3.46% 3.59%  25.65% 29.88%
Single-Attention-SE ~ 65%  4.05% 20.88%  3.41% 3.53% 24.87% 28.35%
Double-Attention-SE ~ 68%  4.07% 20.19%  3.32% 3.45%  23.92% 28.09%
Single-Attention-SE  68%  4.09% 19.78% = 3.11% 3.24%  21.66% 25.79%
Double-Attention-SE ~ 70%  4.11% 18.73%  2.88% 2.85% 19.34% 24.16%

4.3.4 HHTSEER

7 % UEDouble-Attention-SEXE 55 [ 4% A 3&E B 14, AT SL46 43 A1 45 FH Aishell-1H SCEUHR
£2 Librispeech-clean CEESE , IMUT-MC15 HBEIESE . JSUT H EEIEE I RuslantfiE
BOREARANFENIE S HITHE, BREEESFIMAZ =MEIEES, NERHEEEHE
20045 B S HIE AT M - (EHCPRIIMOSIEMNM ARIESH 1B MR E, FHAMCDIE/ME
JTIEEMBERE, CBAKFMCOVLIGUESE | R AR A= G0 1 - DOE - 2015 < g - HigM
BB TSRS R RTINS - HHTRTATEN, RS A H i1 ADouble-Attention-SEif
TP0E < 9998« 8 - BB, MBS ARECPRYEEI6% AL, MOSH)E
El4.0LL b, XFRZERE N ANEE S HTIE TR, IBE R ESREER . 1L, ST ESET
FIPGE « BB . HIE - BB EERET B S FIMCD - CBAKMICOVLIXE R E, ZibiE
SGE T EEEER A, 90.29+ 0.13F10.27, X F A FDouble- Attention-SE 17 &
BRNES T T ERIAEE T IOE - B . HIBMEE, WMEIZ A ES AN EES BEEN
P o

Table 8: ZiE=SLIG4ER

SR POE R E = Hit &
Aishell-1 Librispeech-clean IMUT-MC1 JSUT Ruslan
GPR 67% 68% 70% 66% 69%
MOS 4.01 4.09 4.11 4.02 4.07
MCD 19.02 18.98 18.73 18.68 18.94
CBAK 3.01 2.91 2.88 2.93 2.91
COVL 3.12 2.98 2.85 2.74 2.88
5 ZHik

SRR BT TTS S BB T AR AR = BRI 50, 18 M THUE AL
EEWIRETT, B ITNBHSMPIE N S EEE AT M, THBRIESME S T 5 ARG, FEIRIE

Bt E RS EA RIS, 15501516300, MR, fE, 202348 3H%5H.
(c) 2023 HEPLFERFALWHHBETFRWERL
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SR IE NFIERRN « SEIRLE R RN AN ESWRE TS, BT 1ESAKEA
270%, BT HEE FICBAKFCOVLAS 5 FF% 10.66710.81, WERAISER N % T 2.75%7%12.%,
X 3% BB TS A B B 0 W 45V H BR T MBS RS | ]S T e AR TR
TUR MR St BA T BT AKE.
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