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Enhancing Robust Speech Recognition in High-Noise
Environments with ASR System Development

Min Sung Kim

Deparment of Industrial and Data Engineering,
The Graduate School, Pukyoung University

Abstract

Speech recognition is a task that takes speech as input and
outputs text. Speech recognition is used in various places in
the real world, such as Al speakers, voice memos, and more,
and there is room for further development. For this purpose,
various studies based on deep learning are being conducted.
However, these studies are trained with data containing
relatively quiet noises rather than real-world environments with
strong noises including ambient sounds or noisy situations,
resulting in poor recognition rates in noisy environments. We
improved the performance of the Whisper model by using a
pre-trained model that removes the noise through a process of
compressive restoration, and showed that the method of
learning by synthesizing noisy speech with denoised speech
shows better performance than the model that learned only
noisy speech, showing that the proposed method is effective for
DNN-based speech models, and proposes a framework for
creating noise robust speech recognition models.
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2.1 Speech Enhancement
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2.2 Speech Recognition
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2.2.1 Whisper
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a3 A XL
20t} 12,386.0 24.5%
30tH 12,858.0 25.4%
40t} 11,816.0 23.3%
50tH 13,552.0 26.8%
A 50,612.0 100.0%

Table 2. 3¢ 28 S4UA dlolgl 48 wx

ek A 34|
2 23,062.0 45.6%
A7 27.550.0 54.4%
A 50,612.0 100.0%
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Table 3. 25 28 SAAl dlojg Al = 14

ERELY % A
Train 124,054 348.69

Validation 11,714 32.60
Test 11,630 32.56
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3.3 Training Details

=235t 42 g|o]EE= Front-End @] Denoiser 220 95 A2
o] A= waveform 9] &Ejz Z2o] =cl o]E 0A 7|HS
ARESHo] d2 24T AZo0] AIAY &40l ¥AA mixed audi
o(waveform)o] =t} 3}A]gF Back-End @] Whisper ] ¢lae
Spectrogram 0|22 waveform <& Spectrogram © 2 ¥3Ish=

WS ARof sttt o]2{sF ¥ghe time-domain Q1 waveform
< frequency-domain © 2 ¥2HA]7|= Fourier Transform gt
4% olgsfe] AYget. BHY| JoR Sojrpy| ¢l wavet
orm FERCS] /80| spectrogram O = W 0JoF Sfal 0]712
oo ARAez I glo] Algto] E= wpgolot. mhetA A
Al2ld HlolEAl=ol giste Atilo] Spectrogram © 2 25t
T} APASrSE Whisper 2 &2 parameter ] Z7]0]] mt2} whi
sper-tiny, whisper-base, small, medium, large(v, v2)7}

=

Table 4. Whisper @& Afo]=9¥ meiojg o

Size Tiny Base Small Medium Large
at2] o] g 39M 74M 244M 796M 1,550M
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warmup steps 500, 10000 training step & =U3s}A st
2510
HO}Mq-
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V. A% A

o

4.1 Evaluation Metrics WER, CER

244 S BAste o AMEEE Almol= WER(Word
Error Rate)i} CER(Character Error Rate)o] itk WERE &
g QAo Aot AA G Ato]9f ol 59 o2 vlgZ &
gttt CER2 AT ©@9jolAe] o] vl&2 YEY A4 ©
oMo e 75 F74tth. WERE CER 25F S7dQ0Al A|AHI
et ds2 F7loke ol AMSEH, o W2 WERY CEROJ
=2 AEde UEY. dRisog ASR (STT) taskoA+
evaluation metric® 2 Word Error Rate (WER)E& AF&-oHX|qH
gaol @xolz XAIS AMgste] ofE QoS vty g
B4l Tast Wil weh] @7l 710 540z dol
@elo] Wrlel WER uoh 2t 20 ©F 54 el CERo]
o ggs Bot Yo uRsd,

Table 5. 7t go]g{AlC 2 fine-tuningd 239 H-

Model Original Audio Denoised Audio Mixed Audio
WER CER WER CER WER CER

Zero-shot 145.56 116.79 359.57 283.55 157.45 122.66
Noise Mdodel 56.58 32.18 71.97 45.25 56.56 32.0
Denocised Model ~ 65.36 39.87 60.19 34.95 59.46 34.65
Mixed Model 57.28 33.31 69.36 43.2 54.08 30.48
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4.2 Zero-shot

ol

27492 B )

PSRl ka1l IS zero-shot
AolAl go]EjAlC 2 fine-tunin
g EX] o2 mHo] zero-shot 452 original audio of THaHA]
WER: 145.45, CER: 116.79, denoised audio of] tjjsif WER: 35
9.57, CER: 283.55, mixed audio o] tjsf WER: 157.45, CER:
122.66 Q1 ZAyt= Yt} Whisper ] =35t A8 SX490]Alo ¢f
St zero-shot 52 & AlJE & JHAF =2 WER, CER &

7125190t

S
=1

sy5loicy. :Lo} /\% 2 90]

o 1> ) fiu)

4.3 Fine-tuning on Original Dataset

Whisper R @& =23t 248 S/4AA A& dlolgAl tfsf st5S
Aeist Autolcy, A& goJEAlo] Tjsl fine-tuning ¥ Z®-2

original audio o] Tdj WER: 56.58, CER: 32.18, denoised
audio o] s} WER: 71.97, CER: 45.25, mixed audio o] t}sf
WER: 56.66, CER: 32.0 A=< Hgit} Denoised Audio 9] 73
2 WER, CER2 7tzF 71.97, 45252 origina audio &
fine-tuning ® 2®9o] M= Ay = JPA otk Original
audio &} mixed audio @] WER & ZFZF 56.58, 56.66 0.2 H|>

_25_



747k 32.18, 32.0 02 Mixed

4.4 Fine-tuning on Denoised Dataset

ALo] AHAHE 249 denoised audio Z fine-tuning ¥l
Whisper 2@} WER 2 60.19 , CER 2 34.95 o|X]|qF mixed
audio ©] WER & 59.46, CER & 34.65 2 Denoise Audio 2
fine-tuning = Y X|TF Mixed Audio o] tjs I £2& A2
B3}, Original Audio 2 Mixed Audio 2 fine-tuing ® 2@
=1} H]wstH zero-shot & A2t fine-tuning ® 23 =09] @
< 23 & 7MY =2 WER, CER & 7| =3l

4.5 Fine-tuning on Mixed Dataset

B oApel agd 2 SHAN B 2EH2 AT W
original audio 2} A-&-0] A7 = denoise audio & s}
= mixed audio & fine-tuning ® 22 original audio o]
s WER 57.28, CER 33.31, denoised audio o] thaf] WER
69.36, CER 43.2, mixed audio o] tjsf WER 54.08, CER
30.48 & 458 HE%tt £5] mixed audio of HsiA= 2 & Al
d ZAolA 7 @2 WER, CER & ® It

ox tk
ox, o
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V. 38

Whisper 9] zero-shot 52 n &=

WER, CER & £%]2 Mol 7102 Ho} pulo] 480
o= AS & 4 ATt Denoised audio of tjjsh
© WER, CER S 7}x]= 712 E35} 4A%0] RAHH oA
Qlol Abg st Zlo] walo] A

S Ho&tt Denoised audio o] tfsl| fine-tuning © &
denoised audio of] Tk WER 2 60.19, CER & 34.95, origina
1 audio 2 fine-tuning ® 23 9] original audio of] tist WER
56.58, CER & 32.18, mixed audio & fine-tuning ¥ 2=
mixed audio o] tfs] WER 2 54.08, CER 2 30.48 9] 45
B3t} o] & denoised audio o Tfdl fine-tuning & ==
denoised audio o sl M S M58 HoET}. Fine-t
uning © Glo|Ee} FUst FF HolH 2 HIIEAX|T denoi
se audio oA 7} Yo MHL9 "ol 7oz Ho}l o] Spee
ch Enhancement & S4f 41l 40| @elo] shyo] BAA
2l &= UlAH SE 9] A=<l denoised audio & &74%17d
2 93 58 ol AR Agst: e muEl whol
oflalt:= 718 Ho&th Mixed audio & fine-tuning © 2o
mixed audio o] T3t WER, CER & ©E MEESu} ulwste] 7}
A 2o M2 dolth E3SF original audio 9] fine-tuning =
20l original audio o ©jgt WER I} mixed audio of] thgt

Y Ans

01>i

N

= %

0.

o_,\l ™
Nl

tlo
_L fr 1% o2 94 rlo

o] BxAo] ok U];;q_]

2 o

Yooy HE >

S qlo rlo rlo
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WER 9] A%o0] 0.029] oA|st x}o]E2 H O mixed audio
=

of tist CER & original audio o] 0.18 W& =
oh. Aol A3E Foll At mixed audio 9] ¥H-2 DNN
o] Ao gt REE &5t o ARl Wyolgte

Hoj&o}

o rE

Mol
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Figure 6 ¢t &3 S4UA Hloly 5 AT
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Figure 7 =23t 48 244l folf djgt A B
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