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information without the use of an interpreter and using methods such as lip reading and
writing are inadequate. While Automatic Speech Recognition (ASR) technologies offer
real-time transcription. Noise interference is a prevalent issue and can lead to transcription
inaccuracies. This study introduces the RWhiSymp, a hybrid speech-to-text noise
suppression model that integrates three components: RNNoise for noise suppression,
Whisper Base Model for ASR, and SymSpell for spelling correction. The integrated
system is designed to minimize the Word Error Rate (WER) by suppressing background
noise, leading to improved accuracy and correcting misspelled words. The evaluation
results shows that the RWhiSymp reduced WER by 2.66% in high-noise conditions at
60-80dB and 2.17% in low-noise conditions at 10-30dB. A spectrogram of the audio
using RNNoise shows its effectiveness in reducing noise while preserving speech clarity.
Misspelled words are corrected using SymSpell. User evaluation was conducted with DHH
participants reported high satisfaction across effectiveness, productivity, and accessibility,
with overall ratings interpreted as Very Satisfied. The findings indicate that RWhiSymp
offers a practical, real-time, and accessible solution that empowers DHH individuals by
enhancing their ability to engage in spoken communication. This research highlights the
value of hybrid ASR pipelines in assistive technologies and provides a foundation for
future work in speech recognition, noise suppression, and natural language processing for
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accessibility.

INTRODUCTION

Communication is essential in our daily lives, yet many
Deaf and Hard-of-Hearing (DHH) individuals face
difficulty in accessing spoken language, turning it into a
barrier rather than a bridge. While the DHH community
uses communication methods such as written text and lip
reading, these methods can be ineffective and inadequate
in real-time conversation when interacting with non-signer
individuals (National Association of the Deaf, 2021).
The use of interpreters helps close those gaps; however,
they are not always readily available (World Federation
of the Deaf, 2020). With advancements in technology, it
brought numerous transformative changes particularly in
Speech-to-Text (STT) also known as Automatic Speech
Recognition (ASR), the process of converting spoken
words into a transcribed text (Kizito 7 al.,2024).
However, noise interference remains a significant problem
in speech recognition (Radford e a/,,2022). Consequently,
it increases the word error rate (WER) and introduces
spelling errors in transcriptions.

Over the years, state-of-the-art algorithms have been
developed to address these challenges. To begin with,
RNNoise by Valin (2018) is a noise-suppression algorithm
that removes background noise from audio while
minimizing distortion of the speech of interest (Valin,
2018). Furthermore, Whisper is an automatic speech
recognition (ASR) system trained on 680,000 hours of
multilingual, multitask supervised data collected from

the web, enabling robust transcription across diverse
conditions. In addition, because transcription errors are
common, spelling correction is crucial. The SymSpell
is a symmetric-delete spelling correction algorithm that
reduces the complexity of edit-candidate generation and
dictionary lookup for a given Damerau—Levenshtein
distance.

LITERATURE REVIEW

Deaf and hard of hearing (DHH) individuals in the
Philippines face significant communication barriers that
restrict their access to spoken information and contribute
to social isolation. According to the Philippine Statistics
Authority (PSA), there are an estimated 1,784,690 Filipinos
experiencing hearing difficulty in 2020. Improvements
in Natural Language Processing (NLP) make it possible
for computers to read and respond to human language.
NLP is a branch of Artificial Intelligence (Al) that applies
machine learning in processing and understanding human
language as written or verbal speech (Quarteroni, 2018).
The communication application BridgeApp developed
by Samonte ¢/ a/,(2019) operates on Android technology.
However, it lacks the ability to handle spontaneous
or open-domain interactions thus requiring future
development for dynamic vocabulary and context-
Shezi et al, (2020)
developed the real-time communication mobile STT
prototype known as DeafChat. The application enables

independent communication.
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real-time communication between users who have
hearing impairments. The study recommended the
adoption of a more responsive speech recognition engine
with expanded accent support.

In recent years, robust speech recognition has achieved a
big leap forward with the emergence of large-scale weakly
supervised learning. This enables models to learn from
huge amounts of noisy and diverse data. A pioneering
work by Radford ez al.,(2022) presents Whisper Model,
an automatic speech recognition (ASR) system trained
on 680,000 hours of both multitask and multilingual data
with the aim of demonstrating high-performance over a
broad set of benchmarks without the use of data-specific
fine-tune models. Whisper consists of six different
models. Precisely, Whisper Base Model has 74 million
parameters and is supported by the English language.
Word Error Rate(WER) is the evaluation metric used
to assess the transcription quality of the output of
Automatic Speech Recognition (ASR) systems (Park ez
al.,2024).

WER= (S+I+D)/N

Equation 1 WER Formula

Where S, I, D, and N represent the numbers of
substitutions, insertions, deletions, and total number of
words in the reference transcription, respectively.

In Whisper models, as background noise increases,
the WER will also increase. This suggests that a model
trained on a large and diverse dataset is still susceptible to
noise. To further expand the functionality of the whisper
model, Machacek e# al, (2023) explored the adaptation
of OpenAI’s Whisper model into real-time transcription,
the Whisper-Streaming. A complementary study by
Bevilacqua ef al, (2024), making offline Whisper ASR
simple and convenient for real-time usage. It suggests
changes for latency reduction while still delivering high
transcription quality for live audio streams.

Noise interference continues to be a major problem
for ASR systems (Duarte & Colcher, 2021). This ASR
challenge suggests the possibility of using methods for
the removal of noise interference. Valin (2017) proposes
a hybrid model that combines an approach combining the
traditional signal processing and deep learning. RNNoise
algorithm achieves significant attenuation of the noise
while maintaining the natural features of the speech. The
advantage of the RNNoise is that it is designed to work
in real-time, which makes it suitable for live streaming
audio. It is also versatile as this can also be integrated
into different hardware and software. But, the drawback
is its restricted compatibility with audio formats, as
it exclusively processes RAW 16-bit mono PCM files
sampled at 48 kHz in machine endian.

Spelling correction algorithms, such as SymSpell, are
increasingly used to refine text outputs, including those
generated by speech recognition systems. SymSpell
is an extremely fast spell-checking and fuzzy string
matching algorithm developed by Wolf Garbe. A reliable
STT system holds immense potential as an effective
communication tool for the Deaf and Hard of Hearing

(DHH) community. By accurately transcribing spoken
language into text.

MATERIALS AND METHODS
Software Development Life Cycle

Figure 1: Spiral Model

The spiral model, created by Barry W. Boehm in 1986,
is a risk-driven, iterative software development process
that combines elements of both design and prototyping;
It emphasizes repeated cycles (spirals) of planning, risk
analysis, engineering, and evaluation, allowing teams to
refine requirements, manage risks effectively, and deliver
incremental improvements

throughout the project

lifecycle.

Plan
The researchers looked for an issue that can be
mitigated by computer science. One of the marginalized
communities in our country is the Deaf and Hard-of-
Hearing community. The lack of assistive technologies
for the DHH individuals has been an issue ever since.
Then, researchers come up with an idea, a Speech-to-
Text system. Utilizing an open-source speech recognition
system by Open Al called Whisper. Furthermore, a
feasibility study is also conducted to evaluate the technical,
economic, and operational viability of the proposed
system. Integrating the Whisper Base model for speech
recognition, the RNNoise algorithm for real-time noise
suppression, and the SymSpell algorithm for effective
spell correction is both technically feasible and practical
given the existing hardware limitations and budget
constraints. The integrated model is named RWhiSymp.
To RWhiSymp,

requirements must be considered, ensuring the system

successfully  implement certain
can perform efficiently in real-time environments while

producing high-quality noise suppressed speech.

Risk Analysis

The risk analysis phase identifies, assesses, and mitigates
risks that may affect the development process. Risk
management ensures that technical and operational
challenges do not hinder project success.

Engineering
For the third phase, it is composed of five activities
namely: design, coding, integration, testing, and
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implementation. The technical vision of the study is
transformed into a working system. This phase leverages

test and analyze the efficiency of the RNNoise, Whisper
Model, SymSpell, and RWhiSymp.
iterative development, with each iteration focusing on

enhancing specific features. MATLAB will be used to Data Flow Diagram
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Figure 2: Level 0 Data Flow Diagram - RWhiSymp STT Noise Suppression Model

The level 0 data flow diagram describes how raw audio
is transformed into a post-processed text for the DHH
individual. To begin with, the Oral Communicator
provides the raw audio. That raw audio will be then
processed by RNNoise to remove the noise interference.
The noise suppressed audio is forwarded to the Whisper
Base Model for the transcription. The transcribed raw
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Figure 3: User Interface Design

text will then be checked by the SymSpell to lookup for
any OOV. The post-processed text will be stored in the
RWhiSymp Database. Finally, the post-processed text is
displayed, for the DHH individual to view the text.

User Interface Design

Transeription
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The key features of the system

1. Microphone Button - The microphone button
serves as the entry point for voice input. This feature
enables users to start or stop speech recognition with a
single touch.

2. Text Box - The text box displays the live transcription
of the captured speech.

3. Copy Button - The copy button allows users to
instantly copy the entire transcribed text to their clipboard.

4. Save Button — The save button allows users to save
the transcribed text as a .txt file.

5. Delete Button - The delete button clears all content
from the text box.

6. Theme Customization - This feature lets users switch
between light and dark themes based on their preference
or environment.

System Architecture
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Figure 4: System Architecture

The system architecture includes a multilayered client—
server design. The backend operates in a Dockerized
stack (nginx + Flask SocketlO running underneath
Supervisor) in a Vast.ai GPU instance. The process starts
in the Client Layer. The user clicks the mic button, the
browser permits capture with getUserMedia, and the
MediaRecorder API splits the live stream into ~2 second
WebM/Opus chunks (typically at 48 kHz). In the Edge/
Proxy Layer, TLS termination occurs in the nginx, the
single page React app is delivered, the WebSocket upgrade
of the /socket.io takes place, and the /api requests are
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proxed to the Flask app. At the Server/application Layer,
Flask-SocketlO opens/closes a per-client buffer at the
beginning of the start-transcription and enqueues each
incoming audio-chunk in a thread safe queue. In the
Al/Processing Layer, the Whisper model executes with
PyTorch. If the CUDA device is local at the host in Vast.
ai, inference is pushed from the CPU onto the NVIDIA
GPU and yields ~5-10X faster turnaround.

RESULTS AND DISCUSSION
This chapter presents the results and discussions of
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Figure 5: User Evaluation Questionnaire
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the system and user evaluation. A user evaluation was
conducted with a minimum of 20 participants, all of
whom were Deaf or Hard-of-Hearing (DHH) individuals.
The evaluation questionnaire was based on the ISO 9126-
4 standard, which assesses quality through four categories:

Table 1: WER Result

effectiveness, productivity, safety, and satisfaction.

System Evaluation
This section evaluates the systems performance based on testing
the RWhiSymp and Whisper Base in real-world environments.

Model S D I N WER Description
Noise Level: 60-80dB

Whisper Base 1328 643 337 5415 42.62 Poor
RwhiSymp Base 1333 477 354 5415 39.96 Poor

Noise Level: 10-30dB

Whisper Base 247 32 114 3810 10.31 Moderate Low
RwhiSymp Base 240 23 47 3810 8.14 Low

In a high-noise environment (60-80dB), the RWhiSymp
model reduced the WER from 42.62% to 39.96%, a
2.66 absolute drop. This shows modest enhancement
by combining noise suppression and spelling correction,
even under challenging environments.

In a low-noise environment (10-30dB), RWhiSymp
outperforms Whisper more clearly, reducing WER
from 10.31% to 8.14%, an absolute drop of 2.17%.
This significant gain indicates that when the audio
quality is already good and Whisper’s raw transcription
is reasonably close to the correct output, the SymSpell
algorithm becomes highly effective. It corrects minor
spelling errors, substitutions, or omissions that the model

Table 2: Scale Indication

might miss, thereby refining the final transcript.

User Evaluation

The results for the user evaluation, which reflect feedback
from 22 participants who are deaf and hard-of-hearing
and members of the Gensan Deaf Association. The
evaluation focused on assessing the quality, clarity, and
accuracy of transcriptions generated by the Whisper Base
model under varying noise conditions. These insights
provide valuable user-centered validation of the model’s
performance, particularly in terms of accessibility
and intelligibility for the Deaf and Hard-of-Hearing

community.

Mean Range Verbal Description
4.50 - 5.00 Extremely Satisfied
3.50 - 4.49 Very Satisfied

2.50 - 3.49 Somewhat Satisfied
1.50 - 2.49 Not so Satisfied
1.00 - 1.49 Not at All Satisfied

The table 2 presents the scale used to interpret participants’
satisfaction ratings in the evaluation. The scale is based
on a five-point Likert format, where mean scores fall
within defined ranges and are assigned corresponding
verbal descriptions. Scores from 4.50 to 5.00 indicate that

Table 3: Effectiveness Result

participants were Extremely Satisfied, while scores from
1.00 to 1.49 reflect that they were Not at All Satisfied. This
scale provides a standardized framework for summarizing
and interpreting user feedback across various levels of
satisfaction.

Item Mean | Verbal Description
Al | The transcription appears quickly with minimal delay. 4.09 Very Satisfied
A2 | The app responds smoothly without noticeable lag or freezes. 4.00 Very Satisfied
A3 | The system remains stable during continuous use (no crashes orinterruptions). | 3.91 Very Satisfied
A4 | The transcription keeps up well with the normal pace of speech. 391 Very Satisfied
A5 | The transcription is accurate and matches the spoken information. 4.09 Very Satisfied
Total Mean: 4.00 Very Satisfied

The table 3 shows the effectiveness of the speech-to-text
system for DHH individuals. In item A1, it achieved a
mean of 4.09 indicating that the users are very satisfied

with how quickly transcribed text is displayed. For item
A2, it achieved a mean of 4.00 indicating that the users
were very satisfied with the smoothness of the system’s
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response and encountered only a few lags. In item A3,
it achieved a mean of 3.91 indicating that the users are
very satisfied with the system’s stability. For item A4,
it achieved a mean of 3.91 indicating that the users are
very satisfied with how the system can keep pace with
normal speech. Lastly, for item A5, it achieved a mean

Table 4: Productivity Result

of 4.09 indicating that the users are very satisfied with
the transcription accuracy of the system. Overall, the
effectiveness category achieved a total mean of 4.00,
interpreted as Very Satisfied. This indicates that users can
complete their tasks quickly and smoothly with the use
of the system.

Item Mean | Verbal
Description

B1 | The punctuation marks and line breaks help me to follow the flow of the message. | 4.23 Very Satisfied
B2 | The transcribed text remains accurate even with background noise. 4.18 Very Satisfied
B3 | Misspellings or unclear words ate corrected well enough for easy understanding, | 4.00 Very Satisfied
B4 | Using the system reduces the effort I spend compared to lip-reading or writing. | 4.23 Very Satisfied
B5 | The system helps me participate in conversations more effectively (e.g,, meetings, | 4.32 Very Satisfied

classes, daily interactions).
Total Mean: 4.19 Very Satisfied

The table 4 shows the results for the Productivity category.
In item B1, it achieved a mean of 4.23 indicating that
the users are very satisfied with the punctuation and line
breaks that helped them follow the flow of the message.
For item B2, it achieved a mean of 4.18, indicating that
users are very satisfied with how the system maintains
accurate transcription despite background noise. For item
B3, it achieved a mean of 4.00 indicating that the users
are very satisfied with the spelling correction that keeps
the text understandable. For item B4, it achieved a mean

Table 5: Safety Result

of 4.23 indicating that the users are very satisfied with
the efficiency of the system compared to lip-reading or
writing. Lastly, for item B5, it achieved a mean of 4.32
indicating that the users are very satisfied with the system’s
assistance to help them participate in conversation with
the hearing individuals. Overall, the productivity category
achieved a total mean of 4.19, interpreted as Very
Satisfied. This indicates that the system helps boost user
participation, reduces effort, and makes communication
efficient.

Item Mean | Verbal
Description
C1 | The app asks for my consent before recording or saving any audio or transcript. | 4.23 Very Satisfied
C2 | T can see in the app if the microphone is recording or listening, and I can turn it | 4.18 Very Satisfied
off anytime.
C3 | The audio is used only for speech-to-text transcription, it will not be used for | 4.14 Very Satisfied
advertising or unrelated purposes.
C4 | I can copy, save, and clear the transcribed text whenever I choose. 4.32 Very Satisfied
C5 | T feel safe using this in public, with no extra privacy or safety worries. 4.27 Very Satisfied
Total Mean: 4.23 Very Satisfied

The table 5 shows the results for the Safety category.
In item Cl, it achieved a mean of 4.23 indicating that
the users are very satisfied with how the system asks
for consent before recording the audio and saving the
transcribed text. For item C2, it achieved a mean of
4.18 indicating that the users are very satisfied with the
visibility of the microphone status and they have the
freedom to operate it. For item C3, it achieved a mean
of 4.14 indicating that the users are very satisfied with
the assurance/policy of not using the information for
any unrelated use or not sharing it with any third party or

advertisements. For item C4, it achieved a mean of 4.32,
the highest mean for this category. Indicating that the
users are very satisfied with the transcript management
where they are able to copy, save, and delete. Lastly, for
item C5, it achieved a mean of 4.27 indicating that the
users are very satisfied with the safety of using the system
in public areas. Overall, the safety category achieved a
total mean of 4.23, interpreted as Very Satisfied. This
indicates that the users feel comfortable, informed, in
control, and trusted the system.
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Table 6: Satisfaction Result

Item Mean | Verbal Description
D1 | I'm satisfied with the accuracy of the transcribed text. 4.32 Very Satisfied
D2 | I'm satisfied with the speed at which the captions appear. 4.36 Very Satisfied
D3 | I feel confident using this app in everyday life. 4.23 Very Satisfied
D4 | I would recommend this app to other Deaf or Hard-of-Hearing (DHH) users. | 4.45 Very Satisfied
D5 | Overall, 'm satisfied with the app’s performance. 4.23 Very Satisfied
Total Mean: 4.32 Very Satisfied

The table 7 shows the result for the Satisfaction category.
In item D1, it achieved a mean of 4.32 indicating that
the users are very satisfied with the accuracy of the
transcribed text. For item D2, it achieved a mean of
4.36 indicating that the users are very satisfied with the
speed of displaying the transcribed text. For item D3, it
achieved a mean of 4.23 indicating that the users are
very satisfied that they feel confident using and adopting
it in daily life. For item D4, it achieved a mean of 4.45,
the highest mean for this category. Indicating a strong

Table 7: Overall Result

willingness to recommend the system to other DHH
individuals. This signifies a strong advocacy to the DHH
community. Lastly, for item D5, it achieved a mean of
4.23 indicating that the users are very satisfied with the
system’s overall performance. Overall, the satisfaction
category achieved a total mean of 4.32, interpreted as
Very Satisfied. This indicates that the users have strong
acceptance and positive perceptions towards the system’s
performance and functionality.

Item Mean | Verbal Description
E1 | I'm satisfied with the accuracy of the transcribed text. 4.32 Very Satisfied
E2 | 'm satisfied with the speed at which the captions appear. 4.36 Very Satisfied
E3 | I feel confident using this app in everyday life. 4.23 Very Satisfied
E4 | I would recommend this app to other Deaf or Hard-of-Hearing (DHH) users. | 4.45 Very Satisfied
E5 | Overall, I'm satisfied with the app’s performance. 4.23 Very Satisfied
Total Mean: 4.32 Very Satisfied

The overall mean of 4.18 (Very Satisfied) indicates that
Deaf and Hard-of-Hearing users perceive the speech-
to-text system as reliably helpful and useful. By category,
Effectiveness has a total mean of 4.00 interpreted as
Very Satisfied. This shows that users can complete tasks
smoothly and quickly, with captions appearing promptly
and theapp remaining stable. Second category, Productivity
has a total mean of 4.19 interpreted as Very Satisfied. It
indicates the system reduces effort versus alternatives
(e.g, lip-reading or writing) and supports more active
participation in conversations. Third category, Safety
has a total mean of 4.23 interpreted as Very Satisfied. It
reflects that users feel informed and in control, consent
prompts, visible mic status, and transcript management
(copy/save/clear) promote trust. Lastly, Satisfaction has
a total mean of 4.32 interpreted as Very Satisfied. This
signifies strong acceptance and willingness to continue
using and recommending the system.

Taken together, these ratings portray a product that
already meets user needs with solid speed, accuracy,
usability, and privacy controls. To move from “Very”
toward “Extremely Satisfied” (=4.50), functions to
improve: (1) shaving small delays during long sessions
and ensuring zero-lag responsiveness (Effectiveness), (2)
boosting robustness to background noise and tightening
error correction (Productivity), and (3) making data-use

assurances even more explicit while keeping recording
indicators unmistakable (Safety).

Comments and Recommendations

1. Thank you very much, it’s good RWHISYMP.

2. Nice [it’s a] good speak and better, good job, thank
you so much.

3. Good execution and satisfied with the speed [of] the
caption. Good job. Thank youl!

4. Thank you. It’s good, satisfied.

5. Feedback about dark theme and light theme. But it’s
very satisfying. Good job. Thank you and God bless.

6. This is satisfied and good. You [are] able to learn to
observe Deaf to use speech-to-text. It’s really good for us.

7. Thank you. Good, satisfied with your RWHISYMP.

8. Good job and thank you so much. Developers can
create more enjoyable and effective user experience.

9. Chat box. Performance app [is] very satisfied.

10. Thank you so much and God bless. Your work for
mind.
The comments and recommendations of the respondents
reveal strong early acceptability. Eight out of sixteen
comments explicitly expressed gratitude and praised the
system’s performance. This signifies that the respondents
liked the system and found it a useful tool that helps
them understand what the hearing/oral communicator is
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saying. The expressions of thanks also acknowledge the
students’ supportive efforts toward the community. Three
additional comments noted that they are satisfied with
the system’s performance. Meanwhile, three respondents
recommended adding a chat box feature where they
can reply back to the hearing/oral communicators,
highlighting the need for two-way communication.
One respondent specifically appreciated the dark and
light theme. Lastly, one called for a more enjoyable and
effective user experience, pointing to opportunities for
creating a more creative system for the DHH community.

CONCLUSION

The study assessed a speech-to-text system (RWhiSymp)
combining Whisper Base, RNNoise, and SymSpell to
improve transcription accuracy and usability for Deaf
and Hard-of-Hearing (DHH) users. Results showed
reduced Word Error Rate (WER) in both noisy (2.66%
improvement) and low-noise conditions (from 10.31%
to 8.14%), with RNNoise enhancing audio clarity and
SymSpell correcting misspellings and out-of-vocabulary
words effectively.

User evaluation with 22 DHH participants reported “Very
Satisfied” ratings across effectiveness (4.00), productivity
(4.19), safety (4.23), and overall satisfaction (4.32),
with an overall mean of 4.18. Users noted improved
communication and ease compared to methods like lip-
reading, while also suggesting features such as a two-way
chat function.

The study concludes that integrating RNNoise and
SymSpell significantly enhances both accuracy and
user experience, making the system a reliable assistive
tool. Recommendations include adding two-way
communication, improving noise handling, offering
customization options, increasing privacy transparency,
and continuing community-centered testing,
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