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[Abstract]

Speech recognition technology is continuously advancing and widely used in various fields. In this
study, we aimed to investigate the impact of speech data quality on speech recognition models by
dividing the dataset into the entire dataset and the top 70% based on Signal-to-Noise Ratio (SNR).
Utilizing Seamless M4T and Google Cloud Speech-to-Text, we examined the text transformation results
for each model and evaluated them using the Levenshtein Distance. Experimental results revealed that
Seamless M4T scored 13.6 in models using data with high SNR, which is lower than the score of 16.6
for the entire dataset. However, Google Cloud Speech-to-Text scored 8.3 on the entire dataset,
indicating lower performance than data with high SNR. This suggests that using data with high SNR
during the training of a new speech recognition model can have an impact, and Levenshtein Distance

can serve as a metric for evaluating speech recognition models.
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I. Introduction
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II. Preliminaries

1. Related works
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Table 1. Studies to Improve the Performance of Voice Recognition Models
Category Content
Noise removal from audio data with background noise[7]
Comparing results by extracting noise using Vocal Remover and proceeding with text conversion[8]
Using augmentation algorithm with formant enhancement[9]
Improved Proposing a method to differentiate between speech signals and noise signals through correlation

operations[10]

performance of
Voice Recognition
Model

Proposing a deep learning model that combines acoustic scene classification techniques and
location-based technologies to achieve environment-specific audio enhancement[11]

Proposing a method to enhance learning by incorporating mouth shape image data[12]

Suggesting a method incorporating pronunciation considerations using BERT[13]

In a dataset where three speakers are speaking simultaneously performance degradation is observed
regardless of the presence of noise[14]

Implementation of a
program utilizing
Speech Recognition
and STT

and storing it on a server[15]

Proposing a system for recording everyday-life audio, utilizing an STT model to convert it into text,

Comparison of
Speech Recognition

Comparing 14 models with the addition of white noise and pub noise[16]
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3. STT Models
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3.2 Google Cloud Speech-to-Text
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III. The Proposed Scheme

1. System Overview
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2. System Environment
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Table 2. System Environment

Item Value
0S Window 10 Pro é4bit
CPU Intel i9-12900
Memory 64.0GB
GPU NVIDIA GeForce RTX 3080
Python Python 3.9
Library Levenshtein, AduioSegment,
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3. Speech Data Collection and Utilization
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4. Preprocessing
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Table 4. Comparison Before and After Transcription
Symbols and Punctuation Removal

After Removal
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1 |File Name SNR (dB) 1 [File Name SNR (dB)
2 |KsponSpeech_000001.wav 33.903 2 KsponSpeech_028002.wav 32.586
3 |KsponSpeech_000002.wav 40435 3 |KsponSpeech_028004.wav 41.705
4 | KsponSpeech_000003.wav 47.739 4 |KsponSpeech_028005.wav 3875
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9 |KsponSpeech_000008.wav 31,506 9 |KsponSpeech_028010.wav 31.057
10 |KsponSpeech_000009.wav 32.696 10 |KsponSpeech_028011.wav 41,668

Fig. 2. Distribution of SNR in the Dataset

5. Experiment
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Fig. 3. CSV Generated Based on Experimental Results

IV. Verification

Table 5. Comparison of Average Levenshtein Distance
for Each Model Based on SNR Values in the Dataset

o,
Model All Data UeTd b SR
Data
Seamless MAT 16.6481 13.6306
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Fig. 4. Comparison of Density Plots for Each Model
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o] Fatits ARt moloh met 2”5 BW Google
Cloud Speech-to-Text &2 SNR A9} 70%2] ol
7t AA] dlo]EAl Bt} Levenshtein Distance?] B+ A
271 0.0762 =2 71g QT 4 9o, Seamless
MAT 22 HA| dlo]EAl9] Levenshtein Distance?]

W A7 00382 w2 21 AT 5 ok

Table 6. Average Vaule of Density Plot data in
Figure 4

o,
Model All Data Top 70% SNR
Data
Seamless MAT 0.5716 0.6098
Googld Cloud
Speech-to-Text 0.7231 0.6469

Google Cloud Speech-to-Text ZE-2 foljg] 7]
£5) AFRAPE AFBE 84 datad 71Zsle] shaAzle.
2H SHYUA AUIAS JRMEITE B3 Al4H0R A7}
a2 Aaelr] B0 22o] HA13 Seamless MAT
29t} Google Cloud Speech-to-Text REQ] 47t
8.2611 ¢} £2 7oz £ 4 Qo

V. Conclusions

AT SNRo| STT 50] DRl 43 ZAsP]
Aol 20239 8€d MEA 371 Meta A9l Seamless
MAT ©ilat 7P d2] 22X Google Cloud Speech to
Text @2-& Levenshtein DistanceS £df H|wstsict

UE AU 52 SNRS 7K 43 70% clojelol s
Seamless M4T 2™o] 13.630620.2 & Levenshtein
Distance #f= ¥Ith o] Zile =2 SNR Ho]EofA
vdo] audoz AEYCH- g oudich Eat
Google Cloud Speech-to-Text &L =5t H|o]E|o]
A 10.02782 =2 Levenshtein Distance 32 UEY
}. Google Cloud Speech-to-Text 22 HloJE] 27]
2 3] L8RP} ALRE 84 HPlE S 71Ssle] alaA]
dozm S/4AA MulAF 7RG 237] dizof &

2o Z71% 2Eol Seamless MAT 2EHCE Google
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cloud Speech-to-Text ®Ho] ¢ QlAlEo] 7 L&t
L oA A Qo & ZHof Alo]z H] E4o] g &
& dlo]Elo] AEio] Za5ty, ofg] 27494l wH9] Hlo]
AL QA wofl TRt d+t7t Hasit.

Ay AWE "ol BHE T Seamless MAT 2E2
Google Cloud Speech to Text Z@HT} Levenshtein
Distance?} A Hlo]EJAloflA= 8.2611, SNR 49| 70%
glolElof M= 3.6028 = “dsol BOlAIAIRE, 129
0.0162219] v]8-g Lot= Google Cloud Speech to
Textob= t}27] Seamless M4AT R E2 2 gal= AP o]
k. vlEARl FHS AAZetd Mz STT ZHl
Seamless M4T7} Google Cloud Speech to Text 2
1} B wsl = F25] Ao EEE & S Aol

ol A-tolA= oJu] B7lH &710] Eof = STT &
A9 AESto] ZutE vlusiitt. Qe gof A-lofA =
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