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Abstract

Esophageal speakers lose their vocal cords
due to conditions such as illness or surgery,
making it impossible for them to use their
vocal cords to produce sound like most
people. Instead, they use esophageal vi-
brations to replace vocal cord vibrations.
However, during the phonation process of
esophageal speech, frequent air swallow-
ing is required, which produces a lot of
noise and burst sounds, making it diffi-
cult for the average person to understand.
To address this issue, we developed a sys-
tem to enhance esophageal speech. This
system analyzes the spectral characteris-
tics of esophageal speech and uses ma-
chine learning techniques to filter out noise
and suppress burst sounds. We categorize
esophageal speech into four types: bursts
(B), normal voice (V), noise (N), and si-
lence (S). The primary goal of this system
is to eliminate noise and suppress burst
sounds in esophageal speech while using
fewer computational resources. The exper-
imental results show a significant improve-
ment in the intelligibility of esophageal
speech.
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1 Introduction
1.1 ARHFZRAEI G

£ i#3E (Kaye et al., 2017) ZF A R & A6 %
RRF R EAFF o RUEFELABERIAN
EREANRE 0 RIZA) R R 8 AR R 3R A LA
Fehlig e w KA HEE o B TH RIEH T
EARE BEFFRABONE FrELS
EATEMYGES > FHARELERAME
=T HER  AFMER R EEEMEAEATHE
o ki BEERREIBRAFTERZS A
RAWRY » B AR — 5 TR o £
HEGBHEBALT » BT ZEEERE R
MERETHEA > BERE AL RLTMA-
RN G & ARG EBE > M E R A
BARE ot Py G EANF S
AP R o BB F - LALERE > 24
RERELTRDNG » 3 BTRBA BB F
Ho BEH B ET PR FET ERFEE
F 0 W A T MR o B AERE LRI
AR BETANE > B RGE IR
R B A F AL B G R BAAFEAIL AR o

At RHEET —BREELGEZL 2N
VoiceBank-2023 #&#t/& (Su et al., 2023) 2@
43105 SRR MR BF R4 18 948 o
1% VoiceBank-2023 &4} & & A & &4 & A
B 693t o BB RARRE 6] o T
AR F B R 0o F LB 848 BP 2
HBOWERVOFERT » wWHtiF 3] £ 450930
;,*7( °
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EAEE s BERELATTR @Y vowel (FF)
RBFFER ) THRAHKREELT TEMK
BE ] 0 AE B F AR T F BB N o &AM
REBHETFTFw] < ~T B~ F 7
P~F5 255542 %E A& MEeL
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IR T~ ~E T~ sk
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bk Mg LA A HEFHET S 7~ H 0
&&1%@&& EE (V) HiEged . 2
F%M& Iﬁﬂ‘é’yﬂtﬁi%i#&%jﬁﬁﬁﬂéﬁgﬁ
FREREFBOFWE o Table 1 £ &RML T
m5ﬁﬁ;$£ s FIBTIR G 0942 R B Rt A2 8
&Mﬁ LB MAE 0.7 BF - Wﬁﬂk%ﬁ;o

fsy
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BEiktaAE 0.7 RHEEOBRRERET
Label | count | Probability (%)

B 1603 87.452%

A% 220 12.002%

S 1 0.055%

N 0.491%

Table 1: BRFHEAZ KRG B AR

RAEEERTAFE » KRMBRG AT EL
TATHY » WARERFHA LB S (B) B F oy
RETEETEHEBRBTORL - BHAR
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et al., 2012)° & 74 K@ @4 HEF
male/female(gender), husky/clear (clearness),
elder /younger(age),deep/thin(deepness)
o RARSTHEFHBAA R 2
BHBEERPFALARRETEZHER -
M R E SR B AT ey 5l 0 R A MBIRE
1% B 2[5 & B (phonetic posteriorgrams,
PPGs) (Chen et al., 2020) % & &84 2 R i
ITrediAn il sBF e ik o

BRmE o REAFBFRBREMRAL T X
BIAHEA > REIFROGREZERY B
T R R R B E Y o Rim o MR
W 0 3 F o 38 o ik 69 St IE A A AL 3% Y
oo FHE LPC Ao kIR & 7 kAR H TR
Mg 2L BBREHTIRAZTHERE
T FBOEBABRA R o K4 GMM A=
MR-GMM 7 i i & 4w 6 3242 » 4% T 35
FTOAREA TN 2L EHT AT R
¥ s RERI G HAFBA KR BIE IR
WAL o LA IREEF HAM > o PPGs &
SERAAVEREBREY > RAEFT B LR
T FAMMEE > EERKGFTHEH [
ALAR RS B9 IRAR o B T 2 B IRE A F 4R 695
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2.1 A% BAERBRRAZ

KA 09 R 4R AR LS B H 2 A BT A AR A
BRAG  ZEABRREZTH AR T EETF
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(neural network, NN ) A #7355 129869 9
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23 S ROAAVHER 1) KF (B): &
HIBEEGRETE 2) EFEST (V) 828
FAREATE ~3) #F (N) f2 4) #FF (S) &
SRAEEA 2 E AR o b B BLE A 0 AR A B
e s HE R BF A3 (Mel spectrogram) » 3 4~
REE: MR REGBER S0 TEREE
512 8 > FAEALAS B 160 B o KAV A 418
FAEA 50% 8 & B XEAT 53 o BAEFAE
AR A 20 BFAE (4 0.032%20=0.64 #)
A MR — 7k 20 x 80 45 Mel spectrogram °
i3 ¥ Mel spectrogram ¥ % J& 8942 K #7444 »
AR AP % (NN) FEATINER - B
Wb RwHESH  BF (B) s EFFLT (V)
#E (N) A5 (9)
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Vg e 2 EE 50% 9 X EREX
P&

Tm[n] = z[n] - wln — mR] (1)
EFom AFWENLE K R=256-
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(2)
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) R TR EE 00 &

B (&%) # V (EHFEE) 2T ot
4%%@% 0.3 #= 1 B E&RMA LT A4 & 1%
éﬁﬁf’i%f— » JRGE B RV R Rk EURE B9 P AR
A2 EAT:
M-1
= Z gmTm[n] (3)
L M RAEBEFOHK: g, £FH m BE 265
MRS AL T
1 if label,, =V
gm = < 0.3 if label,, = B
0 if label,,, = N or label,, = S
(4)
2.3 BAILk
2.3.1 CNN %#
AFRRPTAL R 69 B A ap 2 9% (CNN) RAEXR

Ft4e Table 2 AT @ A EZHIRE 20x80x 1
MR AR BB ER A > R AREEME
WATHBRR - % —18 2 AEMERER 8 18
5x5 A =18 2 EMEREA 10
8 5 x5 689544 » 48 A ReLU & R -
FEEMBEDEA 2 x 2 R KGR R
BT TR EAEFBEEEREER 60% 8
Dropout #AF AR I @EHE - £LEBEF
(Flatten) # > 3y 3 —18 6,4 128 fA4¢
KA AEIER > AR AJER Dropout © #
B B s 4 BT 0 £ A Softmax #
FRHET LR 5 o 2R Adam REE
Optimizers * % H F£3% 5 0.0001 » 48 % & g

3% \#ﬁxilﬁ (categorical crossentropy) 2
WRHER (accuracy) RFFHEMERE o
Layer Output Shape | Param#
Conv2D (20, 80, 8) 208
MaxPolling2D (10, 40, 8) 0
Dropout (10, 40, 10) 0
Conv2D (5, 40, 10) 2010
MaxPolling2D (5, 20, 10) 0
Dropout (5, 20, 10) 0
Flatten (1000) 0
Dense (128) 128128
Dropout (128) 0
Dense (4) 516
Table 2: CNN #£ 7% R4
2.3.2 GRU ##
Bt RAAR R PIEER E L (GRU) RARE

ATH 3 FH e Table 3 AT @ A AF 8y A 69
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AR (20, 80, 1) EH A A (20, 80) » VAR &
BBORE I - Kk BRAT —R—4EM
% (ConvlD) » stE 4% 128 4@/7?7;&""‘ PN
DB 3o BE BALST=ZR GRUE ¥
FEE 64 BEAL BT 60% 89 Dropout
o AB LB E RS o ik B R TR
(Flatten) * £4123& £ —18 &4 128 B & 1,
Bkt o BRI 60% B Dropout & o
&% > M8 —18 Softmax & R E -
MmABE s HAAEOMEES - BT miELE
A %df"il%;f% T Adam A BB Optimizers *
¥ # B 0.00001 ° R HHEAEAT %
# 5| X LHAE K (categorical crossentropy) *
A AL AL GG SR AEIRAT LT B AR o

vl 1;%;

Layer | Output Shape | Param#
Reshape (20, 80) 0
ConvlD (20, 128) 30848

GRU (20, 64) 37248
Dropout (20, 64) 0

GRU (20, 64) 24960
Dropout (20, 64) 0

GRU (64) 24960
Dropout (64) 0
Flatten (64) 0

Dense (128) 8320
Dropout (128) 0

Dense (4) 516

Table 3: GRU # & £ 4%

3 TRER At
3.1 ﬂ‘;@iﬁg‘%{éj}_?%

B THE ARG MR » Aot R EMIFA
TRA4EM (Confusion Matrix) 1F & £ &4
FHETELAHETEHESE (Accuracy) © R
AEREL—EFTHAN;ARVIET > &
FAtE 4R (Predicted) ##%4 % (True) #4TH
W A R AE label & B 89 HHRE S B
BT AR AL B AR A TR B SR AR e 4R AR A 8
FHmEA o RMTE S ARG AR > BT

Accuracy 5:
JE B 58 By AR R
Accuracy = A (5)
KMV HET T3] ) #7589 precision » &%

Ko

TPClassA

Precision of class A =
TPClassA + FPclassA(6



3.2 TRER

THRERRMBERIRLE ORZEBE @5
Mo BEBMEBE®@ LR ABREZEZZRMLY
105 &35 & 548 > M3t 18 pég 2tk > HARA
FAVHI R 60 B BB 1 3% B A2 Praat
B TR AL SR OB E o i
FALAT A, train 85 4 ~ dev 10 4 ~ test 10 &
MRS HRAIR ~ -4~ BIREA - £
ET > & TEY VoiceBank-2023 FEHE £
BEOREHRVHERT » ABANES B EH
3E47 0 A B Rk BA AR B P P B
Aodf B 0 AR TR IR T MALE R A B
SRR IHIRIT o T BRI 3
Table 4 AT ©

Sets | Duration #Sentences F#Syllables
train 14 85 6393
dev 2 10 913
test 2 10 916

Table 4: MiAAERAH K » REFHETHEFH
RE (948) %~ FH ¥k

bIb o 2 R B A A EF e A At e Ta-
ble 5 AT ©

Sets | Duration #Sentences F#Syllables
train 14 85 6654
dev 2 10 739
test 2 10 829

Table 5: /7 EBRAH K » REFBLETHEFTH
RE (948)~ a8 Fo#

FEFE MR RT » 12 CNN A # 47
IERAE > RIMVEF T 4o T2 & F 4o Table
6 BT o

P\T B v S N #labels
B 0.896 0.095 0.000 0.001 838
\% 0.017 0.952 0.018 0.012 5625
S 0.001 0.049 0.858 0.092 2375
N 0.004 0.012 0.007 0.800 1866

Acc. 0.9003

Table 7: Confusion matrix for GRU model trained
with random-ordered corpus.

3% 7R AR AT » ONN B 6 ik 4
R 4o Table 8 Ff & ©

P\T B v S N #labels
B 0.920 0.069 0.000 0.013 578
A% 0.023 0.941 0.017 0.019 5567
S 0.002 0.031 0.888 0.078 2122
N 0.002 0.043 0.070 0.883 1482

Acc 0.9195

Table 8: Confusion matrix for CNN model trained
with ordered corpus.

GRU #2772 d5 5 EBLAAR LT 89 st 45 R
4= Table 9 AT °

P\T B v S N #labels
B 0.927 0.055 0.002 0.016 578
A% 0.025 0.932 0.015 0.027 5h67
S 0.001 0.033 0.879 0.086 | 2122
N 0.003 0.023 0.076 0.898 1482

Acc 0.9150

Table 9: Confusion matrix for GRU model trained
with ordered corpus.

BRI LT RER » AMVEILE K ERGEH
AT G R F oo Bk s RAEIZT IR
A SR TE A 6 ok o S A A o Al
FAoda M 4 BORAT T 3w A © AT RLA A
R

P\T B \Y% S N #labels
B 0.872 0.119 0.001 0.007 838
A% 0.001 0.932 0.031 0.058 5625
S 0.001 0.024 0915 0.058 | 2375
N 0.003 0.062 0.134 0.800 1866

Acc. 0.9005

Table 6: Confusion matrix for CNN model trained

with random-ordered corpus.

st KL R T GRU B AEAE AR -
VARHAE R Bl AL A R AR f AR Fl 354 B B T A9 MR
AR o B840 F] BT E AR B AL - AR
GRU # % 89 £ & R4e Table 7 P77 ©
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CNN GRU

B 0.920 0.927

A% 0.941 0.932

S 0.888 0.879

N 0.883 0.898

Acc. 0.9195 0.9150

Network a5 ork
parameters

Table 10: Comparison of the CNN and GRU in the
precisions of target labels, accuracies, and number
of parameters.
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A Figure 3 » RAITT UK E] K % #B| X
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B E o R o Y IEAE A ok B A A e
H ERBAAETAMN B ZELTRINAEG L
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HRBETHEGHKE

3.3 Batdh

HERERTUBRKE » £ 8 VoiceBank-
2023 FEAEBF 0 A R BGEA R AR A B AE
PRI T EE -

3
o
A

AN 5 R BGEAL 5 0 CNN B A 2 E
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FimE (V) OEAERIRE - A RBR

BMERAED > EARARBBLAETES (V)
oy m AT E RBR S A2 AR S RIFR
TAH TA RIS o sesh > T AL w2 LR
WA A BE R G TFBH > 27T
e BRI > B H R T
WA o REEAE RS BT REEAEID

EE (V) o A2nE il —F pa U3 & L sk

.
I
HERT ORI o ZAHTHBET D

£ CONN BABPELIUR > ZHEELEEA
B a M RAFE 0 AP TR BRRT o
K > B ARG HF L33 5 0 iR R BGLE
0 ABERBEHRAERETERART
WHPE > PPl X EFRTHEARNR 4
REBEYEERRE 5 —F @ GRU #
A AEHEBRET (B) 7 @A AEEAFHE
ARG GRU TXAF A L& R uihark
LHfE 8 m B FHEREE (B) £ARE
EWP R c BRHARS T TG B
FEF TR AT GRU ETFTEHRERLER
RAF8G R A o AL T » CNN i 38 £ 47— 3
R BT R R R A RS (B)
8 Peik AL 42 i By A8 > R EGH R T B 7 FE

F (V)

EARBIEERAXLER » RMTAE R ES
¥R TR 91542 LA F RRIB R o £
HWE A E o KRS EBATAEOER T EE
B GG AR R BB B 0 BRI BRI
BREFWE T OB ERA R - R > &
X EBEREGH 20% Bl 30% 892 B H 4 Fo
BT EETREETH BTRARNEN
%A e — HAL B R RN EFEST (V)
BRI TR IFEEE S > KR
HETEAWMEORZ o Aindpd 7@ R
KA EHEAEBEOARALE@E » {2
H—BFHEH 40% 092 B H22 T R K
Ao BHABEN T FEEE BB TR

A AR AR s R RAERE ERET
R - EAFTERIGETN s KEHT
B H FEGAERE BB RA  BRALR
—15A2 L WHRRE R FHET FE 0 25
FHHEEFRAREET -

—

MEmE o BT e RA o IR ILE K
RAZE@DE - HHNAEFTERPHE TN
o RIAFIEF R 0 K S TR HA R
THRBBEO T BrRE B ETHETE
FE AT o SRR FWE LA Y EEA
B IR IDARE R TAL » (2558 Eh R AL EE @
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WER AR TG ERARETL  BRAME
AR BEE P FEF Aol 2T 1542 - L H R
Ho ZHER RV EEMA KRS HEILT
AHBRITEH > AEAEFEREME Y RA
T VA — TR AR BB AR ARR 3 T T B Ao AR
ol 8 R o

4 3k

BEARRY » RBLATRER » 25 %
ST A ERGINGREE » RMFAREF
1% R B (CNN) KR REE T
BAERF RS 0 QERF ~ EHEFF - HEA
Bd o BRUERBET A EEBET RS
Bakp LB AR K E  EGHRFT (B) REF
BHE (V) RN @ER T FHEER - EFE
F (V) 9 RERAAHK G E )RR/ R
R B JE AT M B AR ) 09 R A ARG
MOAE GG E o BT A R A R X
HE o HERBTOHABEERIR D RE
2RPERTFAHTIMOMERD S BHE
BHRYBETIR - RFHREREHT 92%
BRTHBRBNERETE 7T @GR KD o 4
BAR » ZALENRREL EFET - HT
BAeE @Y RR R o R EREHE A
FATHETATHAT M o RARGIAETUAE
P — AR AL A 5 4] R ST SR HORUE AR
VR REATHGE AR ARG EHME
fe o BBRRME o gboh o RAEEFEGI N S A
LAE—BEEG & BATAR ZEA L LF
R T A Ao il B o 3R T B3k » 7T
VAIE —F IR 3755 3 s AT 69 A S A R 23
J o
BAMRERT AL R G EFRBKE S
T VARG e — A A SR R e L
Fo EERSETUAES T HAAE HER—
1B & JA $R 88 - A% A LA A 32 3088 2 LE ¥T 1L
B R RRA MAIBE T OH LA -
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