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Abstract

ALS (Amyotrophic lateral sclerosis) is a neurodegenerative disease. There is no
cure for this disease, and it will make the ALS patients eventually lose their ability
to use their own voice to communicate with others. Therefore, a personalized voice
output communication aids (VOCAs) is essential for ALS patients to improve their
daily life. However, most of the ALS patients have not properly reserved their
personal recordings in the early stage of the disease. Usually, only few low-quality
speech recordings, such as distortion compressed, narrow band (8 kHz), or noisy
speech, are available for developing their own personalized VOCAs. In order to
reconstruct high-quality synthetic sounds close to the original sound of ALS
patients, voice conversion with speech denoising and bandwidth expansion
capacities were proposed in this paper. Here, a front-end WaveNet- and a backend
U-Net-based speech enhancement and super-resolution neural networks,
respectively, were constructed and integrated with the backbone voice conversion
system. The experimental results showed that the WaveNet and U-Net models can
restore the noisy and narrowband speech, respectively. Therefore, it is promising to
be applied to reconstruct high-quality personalized VOCAs for ALS patients.

BESREER ¢ JEMAC4ERS - ALS ~ WaveNet
Keywords: Neural network, ALS, WaveNet

1. 4&5% (Introduction)

MRE %4 0 HLZE 4 1 BE I 058 b iE(Amyotrophic lateral sclerosis »  ALS) » Fy—fi%
A H = ap A EOR L MRS » ALS B R ARG (48 4 RS BRI AT SO TR LR
S22 eI A E B RE /T - IR S R ERE SR T - R - TR RS
T HILER A RS2 ALS BENEEEETT S R - ALS BB AR AR 5T
BEL - BASWAIIIA - KRR - FrURREVERE R En i idhE sy
ER RN EGERARADS R Z BN » (BRAEEE 54 B S Ei  CE SIS Nt
=T EEES E. (voice output communication aids, VOCAs) - HE] VOCAs & Y
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T3 SRR (Text To Speech, TTS) A Kl AL 5EE i Y - o3 A 4 2 i i 265 6.
AT TTS Ea LR - BIE Bl TTS A IR B A\ JEHE > alfEkE
JR HHR AR AR AR SR Y B R0 R A B R 8 A S st Y H B R A 7R oK - 2o
R R @ 58 5N A S A e P B 28093 i PR A i B (P 2 -

WIER B Rl T LELARY TTS FFEF A EWMA REN S W E S8 N AT F—
REVE R TR ENEREIEFE S ZIEN - R EIEERE N AR ERER Bkl - {HiE
B RS AV S F S IR URRE KA 210t - fER ISR R R BT - AR
KEFESRES]  SIEBCH IR ESRNE R TZIEE R 5 2IEF NN ERE - Frll HaediE
S H gk B RE S - AEEARUR A A BA S DAHE R BRI s B Bl A S A TR -
FrAE THRISF SRR R A E WD - BIEABETIEE D -

R AR SERT AT P IR M3 WA R BT B RA SHIE 235 25 er 8
18 MFHEEEEE > FT s E BRI A RS » S IRE TS KA B reE
BREC EERPAE DR R R BRI ERE A s S s - % ROV R B IR I o]
BRFREEZO&HBRANE S  BESTRIESTHEGRZZE  T2ikA
BRI B2 R (HERmayIls—risE - B RS E S RER Y » R4
AP R R (R K A TR AL A SR AR A B E RS AR R K A
B AGERIEURAER N B S 2L - BIER AR EE B ER AR EE W
RIBHEEFAT—/ NFRYRE S - (HEBER G HFIT 16 75 ] HEHE - 518 K AMR B4
R4 - 0 HEUSEAER HA 8kHZ » g /D T s B BE A HE AR ERRA
BRATE T - P DA R SORHE 4 aE 2 A S AT 4R 1 Speech Denoising (Kuleshov,
Enam & Ermon, 2017) E{E% %L Super-Resolution (Rethage, Pons & Serra, 2018) 4
= W& 1 AR »
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B 1. ALS B A% & B R A 41

[Figure 1. Block diagram of the voice conversion system for ALS patients]
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A I SE i A T4 Speech Denoising F (97 /7 S Rty A b A T
s RS EAEIR 450 | Super-Resolution FEE {rips A A T 18I 5y B S AHAVED S
B B S R KR IEE AN ERMERE A CF A LS R A SRS EnE
R i K AA SRR S -

2. FEHR PR E Z A 2. 4% (Neural Network-based Voice Conversion
System)

SR ALS SEE R S A0 1 # AGE S (57 A R H 1Y Hanhan TTS (Text To
Speech) (Zen, 2015) K47 /2 5B & &5 HT4% Speech Denoising 4t~ 1& 1F Fy HARERE & (5 &%)
ZEEE > BB AGE SR A4 0 %% Super-Resolution Z4RHEHFE A SR IE

SEZEHELH (Voice Conversion Module)

2.1.1 Bi-LSTMgEZ 882 (Bi-LSTM-based Voice Conversion)

Bi-LSTM SETHEHHA S50 4240 » W1 2 + Jei TTS ACHBHEH Vocoder HUHEEFE -
FEAEH Bi-LSTM BURLE(TEE - MHARRT AR R % 4EEH Vocoder WHFS M4 &1 10]
5 » By B TS -

Vocoder Log-FO Composed
Converted Speech « Aperiodicity acoustic
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Output Layer | tl

El B3 B3I
2 ¥ - Layer
‘BB e o
. ; . Layer

Input Layer [ -1 3 [
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[ 2. Bi-LSTM ZZE R 24 5°1%

[Figure 2.Bi-LSTM-based voice conversion]

2.1.2 ¥ 7E (Implementation)

K GEE B AR ETBR e 2ARE P 2B IR B e s — S
MERVRF B2 > B M| Dynamic Time Warping(DTW) (Salvador & Chan, 2007)#E 172 HE ¥t
75 o AEEEEEHAMBIE S o M Vocoder R AEEENIE > A& T T4
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= {EEZAVRE Mel-cepstral (Muda, Begam & Elamvazuthi, 2010) ~ Band Aperiodicity
Log-F0 » H:r Mel-cepstral ‘2% {5HEE - Band  Aperiodicity S5 F 78 B M A5 3 2 H0
B SR AR 0 %1% Log-FO REBREIE & » 15 RSB E R R AT
o AL Z AT R AR RE 4 B H AR L s st Y R N & [E) » Dynamic Time Warping

(DTW)fig AR B H R S E R A F AR - FLL DTW Y alignment &5 - 5t HE—
{EACIRER H AR e FAE % 4 (shrinking ) ~ 11+ (stretching ) ~ 2 ORFF A 22 (kept)
WNE 3 Fior -

| —
[ | : |
I |

[& 3. Dynamic Time Warping(DTW) & & £~ E /&
[Figure 3. Schematic diagram of the dynamic time warping (DTW) algorithm]

BN AR DTW S HERFE A bi-LSTM A 3l 4F > LSTM 48iE & — TRk RNN
GERE > T DU RV RE S SR o W B ginvE s 2 E BV SREE 0 > LSTM
HISETERES FH 2K 7 1 REEEE MR - st vl AR AR O R AU RERE - bi-LSTM JZKf
LSTM B BRNN &E&7E—#E » 18 M8 )7 4 7] DATE# A 5 [ By R B T SUEE - BUR
B LSTM » &l 2 4all e & A RN A GE S B > Ak EHEEE
Mel-cepstral ~ Band Aperiodicity * Log-F0 » BEE#4%i#8 Vocder 404 » jBHR A A SE Sl Y
B % Bk mT DL B {5 A AR B 5 (ol 58 A B0 RE R i LA i A GBS (B ME R K B
SO A 24

2.2 EEZm{EE4E (Speech Enhancement Module)

ERZEEAIEE] ALS i A I AES: 5 R KAIEN S ZEMNRGTE S > 1k
R AR B TR B WA RIRE - IR S S KA IEME B S R B R AGER
AR AR RS 2HA - ARSI AESFEERENERT » BIOFHE LR
PRIZ(HEFR A EFTRIAN 20518 - FrA MRS I E 2RI A F R HTE 245 -

2.2.1 EEEFHEEER (Speech Denoising)

SEE M E(Speech Denoising) i [EE F > K 2L 8RR sE B B HE 0T RE i (58 P AR B U Ko Al
(Kumar & Florencio, 2016; Lu, Tsao, Matsuda & Hori, 2013; Parveen & Green, 2004)° ZX]ffj



42 HHY F

EEMUET R T B EENGE AEENER (FEE) MFI @A EEREES (R
) AR E G EBIE MR ERH TR » 5T - (a8 CLACSE AT i B AR
(LEFREFRAVE AR Z MRS CEF R (M DT I 2 AR » AllavE - KREHIE AR
FERIE B B EFFE R (Mehri et al., 2016; van den Oord et al., 2016) » WaveNet (van den Oord
et al., 2016)27t HZAGEE F# B2 A S B oA A5mSC R WaveNet fHEAIEE
Speech Denoising » H 5 5y fe KR CRIAN ZHIR A8 T

2.2.1.1 Z:% 2588 (System Architecture)

4 B Speech denoising Z R E] - AH AR B 8638 ST B RENR - 7] DUl IR iz

RIS - B R OREIN A FEE S BRI A SR -
MNoisy Speech Denoised Speech

[& 4. Speech denoising &4 4212 5

[Figure 4. Schematic diagram of the WaveNet-based speech denoising]

2.2.1.2 B FFE (Implementation)
FIREZRAAIT * mt = st + bt » Hef @ mt= E&(E5% - st=3EE {597 » bt=% RIREEH -
H RS hETH4a ERY mt > A5 S (A FaNT[I8TRIAEE R IIAFZF 5 A - BT LURF AR S 1Y
EHEE i noisy voice » KFEZFHTEIEIE Ky clean voice » Za&F S aH H T E WY {IE S A5 &
FERZA—2 » FFLA clean voice JiZ noisy voice ik /] UGBTI SR IIAVEER - RHSE]
EiLE A Wavenet Z21 illl% - WaveNet BES0E R H ANV AT - 5fE H [0lERiEA
HITE RS SRR A — e | By T — (B ARATRER 0 - s SR BRI [ 5
o

Aem PR AR ELA 30 (dierEWE 6 - ST aViRET DL 2 R EEegin
10202256512 « i EH 3 K (3 EHfE) - EE—TIEREHE AT > | mEE
AR E 128 (EimE FEAEAY 3x1 & ISR e FHVRE sS85 E - Pk
PR Ix1 B 0 B 128 ([IERES - [EEMATARIER RELU BliEER: - 5%/ (E
3x1 GIEfG AR - EE 2048 F1 256 {EER 8 » 77 HIH RELU 7308 o i R i 22 22 [ 4
PEREZE] a (HR Ix1 R SRy MBI (S 5E - ZSBLEER=E 2L 6,139 (A
(=384ms) - HIEFEEH 1601 {EEEA (=100ms) ZHAK -
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[Figure 5. Block diagram of the WaveNet model]

Residual out Skip out

Residual in

[B7 6. ZRHHAE4ERS e 2 A 1

[Figure 6. Block diagram of the neural residue layers]

2.2.2 FEEZESE (Super-Resolution)

#8 77 HE 2 (Super-Resolution) 52 #% 5 FH A i L5 26 1 FH AR 45 WS [ @ (Park, Park &
Kang, 2003) - 72 57 fi 88 i BER M LAY S A 5 B DU TR UG R HY 7 s » T 0 28
SR A RO IR S R - TR R TR S AN 2503 R G face
(Lin, Fookes, Chandran & Sridharan, 2007)#1 iris (Shin, Park, Kang & Park, 2009) - {H %% 322
[ {5 EAYRIA AR S A b —E T LA FH 8 77 W% (Super-Resolution) 2 [B1 18 4 & Y S0 H
FH o ANEwSC{E A U-Net (Ronneberger, Fischer & Brox, (2015)Zf# 7 52 5ie 8 4 P &
(Super-Resolution) 4t % - BIFE A AVIKIER K SHAVEE -
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2.2.2.1 Z%25%8 (System Architecture)
KL L HAEE S i A fy 8kHZ WYRAHEE » 848 Super-Resolution 47 1% 1] DL EAH
tH 16kHZ By B A &SRV EAE - B 7 IR ZRAIEEE - AR 28 nT LA E R R L

R EE

Super-resolution

B EHEAGFEE
[Figure 7. System architecture of the U-Net-based speech signal bandwidth
expansion]

2.2.2.2 ¥ A (Implementation)

FEAFRI RS R U-Net {5 F i 81U — 4 T-15: 2518 Sub-Pixel Convolutions (Shi et al., 2016) »
8 Fy U-Net ZL#[E > Z 48[/ B T EREEEIE 57/ GHIE 2T - SR
1T maxpool > FFEFEHE— D4/ N RN 552 — » 8\ KIEIERE 39998*8 sEEaTHE
¥ 154%2048 » HRIFVERIERE - (FHH 8 tHR I - R EERERHEE S TR 2 (5 M &R ¥
JEJGHIRE B #E T BY R ELE B> A% concat F| FFEFELE R > 5ERk_EEREE IR 155 40000%16 »
EREA 1*1 e G mE SR Ry 2 RS HEREE -

8
32 16 2
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[E 8. U-net ZB/E1E
[Figure 8. Block diagram of the U-Net]



EEHRA NN Z 55 IR AT 45

R R S PR BTHE G  E E ASI T DS HAE EE - OR{EERas 7 B (R AT S
BUGEF Ry BRI OB (E N U 2 (Down-sampled  waveform) i ## /\ {& T~ HUEE R
(Down-sampling blocks)&i% » 48 B3k 8 & (Bottleneck) 32 21| )\ _FEiE 88 (Up-sampling
blocks) » HESEEER N EUEESE > A e = iiﬂ:(Remdual connections) » 35 EbAEEE AL 1
R - R TG RE8  E—EEEENIFE R ER B - &
‘RE—BEHE Hﬂ%%ﬁﬁFF?f%i?‘i?ﬁE@Tﬁﬁ%ﬁi%%m%meﬁdual addition)fJI{E [ 4G
ANETEFEDAFREEE -

ETHEHCEER (Voice Conversion Experiments)

bR R EREEEERT 0 HIVER TR A OGES B FIFE R ATE S » A0
CL#EZ & BB 454 Super-Resolution £ Speech Denoising Z47 58 L& & 1 A X ERE R
=N e S TEENE > e gl RN E RE0 FE R R - SKETESS
% o

3.1 FGRELHIEZEFR (Training and Test Corpora)
RSN BRI R RS ER A 5 B (A B & IR 6 B # R sk dny & A - JFfe
ek E AT 7 (EETH S 20 /NEF > W ACHE N T BT R A N BN S8 S (F Data £ >
1 Bl ERaRat 2= % 2 BAEERSE = -

K1 FNREFITE R
[Table 1.Statistics of training data]

il EISEX £ B HE4EFE R (minute)
Rzt 6 155
BFRZE L Eh4R 7 185
PN e dEIES 5 105
HETE OnAir 20 457
feefElH 10 258

2. HH BT R
[Table 2. Statistics of test data]

EzpiAll £ 5 f41% G5 HHEHER L (minute)
HENRE 5 92
PN

FLE TR 4 60
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3.2 BEEgz%E | - Speech DenoisinglF#EER 4t (Configuration | - Speech
Denoising Experiments)

B RS E R AR S R e AR SR (R B A ALS BB G R A% Bl SR

B Ryl R R 2 BRI ORI » A SIS AR A AT BT 85 05 AT AR B E BRI A s

wmHE3 -

2 3. FREF A
[Table 3. Statistics of Noise databases]

FesRAamE F g (hr)
BIRA N EEEE(ESS) 20hr
BRI A M A\ SREE AT CE ) 20hr
EAE AR 40hr

33 EEiskE Il - Super-Resolution 2 8 £ 4t (Configuration Il -
Super-Resolution Experiments)

ISR BT AT B G SRR B B AR R SkHZ HUBFR I = S A 16kHZ
HUBEAFR > {E By Data 41f# 9 > 10

m | . |
i J \ | ! I }
!I& ld.n. : Ilh‘n'-liLlLﬁl.: Il -i_u'hﬂulé:fn: E'J!m.' " !ﬂu_.'.. Il'-t
B 9. 8 KHz EfsH=21E
[Figure 9. Spectrogram of the 8 kHz speech signal]

f
f

|
| | - : \
!IEL ﬁln Ill!nhliLllﬂ!-;E II Luu!? Mt Eulu ll! !Iiﬁ.‘.a "-t-

[ 10. 16 kHz ZfeHE:2E
[Figure 10. Spectrogram of thel6 kHz speech signal]



BEH AN Z 55 R 2T 47

3.4 gt A% (Performance Benchmark)

3.4.1 FEYEEEfE (Subjective Evaluation)

A LHRITIFHE 0 BEHECERESS 5 (LB SR AR B MR BTSN BT TRE
70 RIRTFENEVE 2 88 1 B0 RN A/B/X MR » AR&EE R R EE
778 (mean opinion score , MOS)AETEAf » 77 Ky v RS 577 - AH DR o0 FI B 2R Ry
P TR R 1~5 43 > Sy Bk s Rl Ry A -

3.4.2 ZBEITEEE ML (Objective Evaluation)

FEEHE A BRSNS BRI B H AR EEZR > FBEEE o B E R e
BRITBARIE ARSIV E T Mel-cepstral distortion (MCD): #5951k 2= B iz dB~
BAP: ¥J7fR7E Hifir dB ~ FO-RMSE: $75RER%E Bfir Hz DU VUV: %(BLH 73R
7R) °

4. BEGEER (Experimental Results)

4.1 Speech DenoisingE &% (Speech Denoising Results)

FHIE 11> 12 A] 883 - %ﬁﬁﬁﬁ@;}iﬁ%ﬁﬂ%iﬂﬁ AR T HHEERR - 518 FO 305
WETDIFEEIKH > 3R 4 R RECOHFEBL S RIS & AR F BRHE R > B8R MCD ~
BAP ~ FO-RMSE ~ VUV {4852 BH BRI o ZﬁéLxﬁ“ﬁuﬂ%Zﬁ(é/\Bz*“ﬁf A/B/X Rt
S (RIE 13) 3 MOS EEIRHE (4158 5) HEMEEN NS 247 -

..Hl - ||W!li| ey
Rnllﬂl’ﬁ* k RNRAR

B 11. ﬁi‘éﬁnﬂ Tay=i E#@

[Figure 11. Waveform of the original noisy speech signal]

B 12. Jitaim R Z i

[Figure 12. Waveform of the denoised speech signal]
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KA. BRENARFEEHER

[Table 4. Objective performance evaluation of the denoising system]

ROHFEIT GRLEA MRS T A
MCD 9.265 dB 6.869 dB
BAP 0.542 dB 0.208 dB
FO-RMSE 68.597 Hz 49.443 Hz
vuv 62.851% 25.935%
MR SRR SHHER SR A

0% 10% 20% 30% a0 S0% 60% 0% BO% 90% 100%

® Without Denosing With Denosing

[B7 13. JHFEFH SRS NBIX fatr RzE
[Figure 13. A/ B/ X preference test on the original and denoised voice
conversion system]

5. BRENAH MOS ZEIFEHR

[Table 5. Subjective evaluation on the original and denoised voice conversion system]

ROHHER GRS MRS R AR
SENET 2.0 4.0
TR 2.1 4.0
AR STy 2.0 4.1

4.2 Super-ResolutionEE# (Super-Resolution Results)

LR AR 14 15 HoARIERET DLBER - SOBTRAR 200 S0 N AR IS A e
U
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167 14. KBS R IR 5/ hm AR B

[Figure 14. Spectrogram of synthesized narrow band speech signal]

-

/& 15. @Eﬁﬁﬁﬁﬁ&Zf Ld=y; 7 a4
[Figure 15. Spectrogram of synthesized wideband speech signal]
K R R 2 & R S LR IR & B A AT RS ~ MEUE DL B S
MOS FBF(E (L3 6) Bl A/B/X (REFHIBT (A 16) - R EHH B S R s

BRGEH ©
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6. EHEEMOS FEFHE

[Table 6. Mean opinion score (MOS) evaluation on the synthesized narrow band and
expanded wideband speech signals]

RIEAHENE [EAREE
SENES T 3.4 3.6
GELNERR ) 3.1 3.8
AR Ry 3.3 3.6
RIEIETHY LRI

FIRRIE (T

HHEUE i

ETER P i e

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

= Witout Super-Resolution ® With Super-Resclution

B 16. [EHTERE ABIX fatf HIzE
[Figure 16. A/ B/ X preference test of the synthesized narrow band and wideband
speech signals]

5. &&&% (Conclusions)

1E B 5 PR A 56 5 €€ 38 Super-Resolution Z:47E Speech Denoising Z2 47 HY581L
NE B TR FEVEBEENR  WARER K F B TR MIERIEHE -
A SCFTE Y Super-Resolution %147 81 Speech Denoising Za&ft (& At T Wi feip & 5E
R FEPEERE RS 0 (HEE REBR TSR ER FUIER ﬁ*%ﬁﬁtéﬁfﬁr
WRMAETR K  BEFLESHERZEE > WEKERERE > B ZTARUA
aﬁ FHELY S 2 B > BAE v LA B RTRE R SR AR R P R B E 70k _JLA
TERAERHERR R FEK
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