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Abstract: In this paper, we investigate the performance of automatic speech recognition (ASR) systems
using some nonlinear bandwidth extension (BWE) methods for narrowband evaluation data. When the
sampling frequency of training data for ASR systems is different from that of an input utterance, BWE
methods are used to generate harmonics frequencies lacked by band-limitation. The advantage of using
BWE methods is not to require the reconstruction of ASR systems for each sampling frequency of input
utterances. However, it has not been reported about the effects of BWE methods on ASR. Therefore, in this
paper, GMM-HMM-based and End-to-End ASR systems are performed with band extended utterances by
non-learning BWE methods in order to investigate the effects. From the experimental results, the GMM-
HMM-based ASR system obtained high accuracy when the BWE methods provided high intelligibility. In
contrast the End-to-End ASR obtained high accuracy when the BWE methods provided a close spectral
distance to original speech.
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Nkt Z2 2y b= L TCERWGEEEH LD, VAT
LPEELTWBEY Y 7Y VIR e AEFROY YT
DI F e G R QORI oY SRS B VI - )4
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R MVY T T4 v (SHIFT) [3][4], #4778 53 & 5k
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HBIENHEINTVWS [7]. LA L, GMM-HMM & &
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5228 WETSH. AEBRTIIHAEGFLSE D —
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2. BERHY AT A

AT GMM-HMM ¥ & O End-to-End (232 < HF
IS 2T BT DWTEIIHT 3.

2.1 GMM-HMM

KDL E R TIE GMM-HMM I2E D FEE T
ELHWSNTE, HMM i, EBRER2EL I 206
RRINZHD Z PR ERERET N TH D, HTERMMIC
BT left-to-right BITIRES %2, GMM TEAREF D
WAL E2ET VL TWS. CMM-HMM % A il > A
TLREHETVOME S BETH Yk~ BFIEVHVS
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2.2 End-to-End

EEZEHORREIZL D DNN % i\ 7z End-to-End &
s RE ISVt E R oD Z E2WmE
N TW5. End-to-End @ ¥ 7 ##% Tld Hybrid Connnec-
tionist temporal classification Attention based encoder de-
coder[11] ZH\WTWT, & & BT R CHEICLIT 5
2y NI — 2T S ZOxy MY — I IXEEREES]
EHNTELVATLATHS. MR UTITREZHOT
LD EFEET NN THET 2HLEDPR\N. VAT L
DEENBBTHI R EPFEITONS.
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WISHLIRIEIZIZZ < DFEPRE SN TV B ABARFERT
ENHERZ AW, FE BT DRI BHLRIEIC
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3.1 AU MV T T4 V% (SHIFT)

BB OEIBHIRED 1 D TH 5. PEE O JE % %
WU CTEARRS 2 ERL T, T DD % LSO A
FIRIZY T NS5 Z & THIBIRT 5. Bl 7z, MBI
DN WS R D 5.

3.2 BT UNHARE (LPAS)
LPAS 13, $6 TR % W COEIE 20 5 A< 2
ROV, PR B A S B & 7 B R RS &
WCEEIRER S & AR T 2 TR TH 5. HRMEAE
TEPERINED, WHAD2 25 E WO REEH 5.

3.3 IEEMEEILEE (N-BWE)

N-BWE ISV E 7 v 79 > 71 v 7 S hi s
T TE S BT B T TH . PR
BT v TH YTV VT Uk EE R gy, R %
yiplt] & U7 & SFEHIVBEEIRA FORTEE N B,

yuplt] = ynplt]* x 3 (1)

ZZTaBLUBIXEREESDERIZHELE 5 X537
A—=RTHY, a® B OHEIZE D ERI NG EFHIEHEHED
HE 25N TES.

3.4 SEDFANOFEHILREDOHE

16 kHz TH YTV V73N FEER L SkHz 12X D
Yo TN T INEE NS SEEBIRREE AV ERED
2RI NBT T LERT. (a) ZEEH, (b) X7y TH Y
TV VI DR, (c) 1% SHIFT, (d) & LPAS, (e) & N-BWE
TSTOI WEL 85 L5 IZHHE L&A (N-BWEL), (f)
7 N-BWE T RMS-LSD E< %5 LS B L -5 H
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(d) LPAS (e) N-BWE1 (f) N-BWE2
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1 HAGEGELSEEa—3Z (CS))
Train Evall Eval2 Eval3
AR 2672 10 10 10
FUEZESS 1383 10 10 10
(R (3 924 % 459) | (% 10) (H5%&5) | (B5x5)
73 F R Db Sy 2 Sy i e, 23
afa I FRHH | PR Ak A
¥ (h) | 600 2.28 2.42 1.71

ANT=RBV AT LAOREL D HENY VT v TR
BThHde L. CSIT—RDH 7Y v I EEHIL 16
kHz TH 572, REBRTIIPEIEZFF % 8 kHz, HiZE 7
LIEHEE A% 16 kHz & U7z, 8kHz OFHIZIXHEH %
BBy TV T UED%RFH L. RO 5%
TIZELY.

Upsampling : HRZFEICT v T TV v DA%

Tol-&m
SHIFT : $aiisi% iz SHIFT 23 U CHISILIE L 72
v

LPAS : S5 712 LPAS &2 47 WEISHRE L /- 5
N-BWE1 : BHHEE 126 U TRATIHRIC & 25REHED
IR IBILIRIE T & 2 W iRiE 21T o 72, a, Bl
STOI DENEL B LS IZFNFh 2,50 & L7z,
N-BWE2 : BHHEE 126 U TRATIHERIC & 25RFEHED
IRMAT IBILIRIE I & 2 W iRiE 21T o 72, a, Bl
RMS-LSD OfEAMEL 75 X 5 12FNnEF4 0.8, 100 &
U7-.
Original : ¥ > 7'V > Z A4 16 kHz D EFH 2 U 7=
SR R B (21, 75 O IR & R S R BRI R
[£Td % STOI (Short-Time Objective Intelligibility) [9]
CIREE & OB AR Y b OVEERE % £ 3 RMS-LSD
(Root Mean Square - Log Spectral Distance) [10] @ 2 D
EMHEALZ. STOLIX 025 1 DFEFHTRIN, 1ITEWVIE
CHHPEMEATE W Z & &R RMS-LSD 138l AME N F &
2ODEFEDBEAENNEVWEDFESEHEIEWI & 2RT.
RMS-LSD Ofi D 13X (2) TREN 5.
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4.2 EBER

X 2, 3 1Z Evall 25 Eval3 D& 5 A b F—&® STOI &
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wMEZERT. X2 % /A5 E, Upsampling DIEDHE &L,
HISHLIRIEIL ¥ OFIE S MBI Upsampling £ O kL T W
52 bbb, WISHERIEIZ A AT bV O A EE X AL
MEELLTOWRWZ LD SHBEEMERLTLUES 20
ZeEZoNS. WISIERIEM THIERT 5 &) LPAS 134
TR WS Z e SMDOFHEL D STOI DEA EW
MHAZH B Z bbb, £7/2, N-BWEL, 2 2Higd 5 &,
STOLl # &< 25 &5 T A =X &2 F#L 7= N-BWEL O
Jin8 N-BWE2 & 0 fHAMEWZ & AR TE 5. SHIFT &
N-BWE1 Tl Ak ERE1TAD o 7. IRIZ RMS-LSD 22\
TH#RT 2. X3 %2 R5 L LPAS & N-BWE2 I3 fEA /N & <
D F %I Upsampling & D D UEDNE W E WS FERT
H - 7=. N-BWE2 IZIEAEETR D /¥ T X — & % RMS-LSD
PN BB EDITHBBLTWE-OZYLRFERTHL &
W2 5.

RIZEEFRBOFERIZOVWTRRS . X4 5 GMM-HMM
WZED W EE R AT L, ¥ 51X End-to-End 1Z&DW
T E AR AT L TIRIE UK RO WER 2R LTV
%. £79 Original ® WER % i L TA % £ GMM-HMM
&0 End-to-End O L2 E Qi€ vy MIHEWNTH WER
PMMENWZ &b 5. REDEWR ZI13H DV EETFY
R D TFEOHPERNENI EEZRLTVWDEEEZLN
5. Upsampling IZEH T 4 & GMM-HMM, End-to-End
EH5DFBAEICD Original £ D WER B3EL<R->TED,
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EIZKESMELEZ 52 Db 5. RIZEEKEER
J€ ¥ WER % b3 5. STOI & GMM-HMM ® WER O
iM% A5 & Eval v hDEWEH S E DD Upsampling
A STOI DD E W E & WER X R > TWa. Zh
i& GMM-HMM (2 32\ 72 % 74 85 T 1 7 O B 23
WER B EE2 52516 eEZ 505, IRIZRMS-LSD
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W TETE TS, RMS-LSD OfEASE W SHIFT,
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AFZE T IRIERE 2 @M LU CAERL -5 H O RE
MR E S LN 5 DEAEH GMM-HMM % End-to-
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BOMEEL UTIIHDT — & R— 212 & 5 Fflli, 77225
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