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Abstract— Context: Automated speech recognition (ASR)
systems have become common with the rise of virtual voice
assistants such as Alexa. These ASR systems use machine
learning algorithms to automatically transcribe the voice input
to closed caption of words.

Goal: The main aim of this work was to train a machine
learning model that would be used to generate an audio input
and output words as text file. This is a part of the ASR
technology. Further, our unattained goal was comparing WER
to determine the accuracy of developed model to existing models
in order to improve ASR transcription.

Summary: Given a real voice(sound), the trained model will
be used to extract the sound and output the translation to a text
file as spoken. The algorithm created will be able to do
optimization. If the whole statement or words are not extracted,
our goal will be to extract the key words. From this work, the
model we created was able to transcribe input audio file with
77% accuracy. Compared to existing models, the word error
rate (WER) obtained in this work was low. Other works have
shown WER of greater than 90%. Future work can further be
performed to further improve this model, such as more epochs
for training, using MFCC or increasing the run time during
training.

Keywords— Automatic Speech Recognition (ASR), Speech-to-
Text, Word Error Rate (WER)

I. INTRODUCTION

Automatic speech recognition. (ASR) has become
ubiquitous in today’s world. The ASR systems convert a
speech signal input into words which can be used for text-
based communication or for device controlling. Application
of ASR system is widespread in several areas including virtual
assistance built into mobile devices such as Google Assistant
and Apple Siri, home appliances such as Alexa and in-built
car systems. Speech-to-text functionality has also been
implemented in automated closed captioning is a recent
application of ASR systems for social media among the new
generation. However, the existing ASR systems have key
challenges such as poor voice recognition leading to incorrect
transcription of spoken words or voice.

Advancements in machine learning and natural language
processing have led to improved accuracy of the ASR system.
Previous works in speech-to-text conversion lack clear
metrics of comparison. Word error rate (WER) is a common
performance indicator that is used to determine the accuracy
of a speech recognition system. Word error rates in ASR
system can occur due to background noise, complexity of
speech and speaker-specific characteristics such as accents
[1]. The WER of an ASR system is calculated by transcribing
the speech and comparing the results. The WER is obtained
using the following formula:
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Where S is word substitutions, D is word deletions and 1 is
word insertions between the machine transcription and input
words, H is the total number of hits, and N is the total number
of input words. The larger the WER, the higher the difference
between two transcriptions and therefore worse ARS
performance. This measures the percentage of incorrect words
based on the number of words processed.

The main objective herein is to develop a trained model
and determine its accuracy by determining the WER of the
transcribed voice input. Further, this work can be advanced by
comparing the WER of the proposed model to the existing
models that are open source such as Google Assistant.

Il. DATASETS

First, we’ll briefly describe the data resources we used to
obtain data which was trained to generate the model used for
WER analysis. The resource used is freely available from
open-source site with free license under Creative Commons
copyright.

A. Wikimedia Common

The audio files used in this work were downloaded from
Wikimedia common. Wikimedia common is a free open-
source media repository with multiple audio formats. Audio
files with wave (.wav) format were downloaded to be used as
input files.

For experimental purposes and to test our model, we
started the project with one audio file. The audio clip
downloaded has a duration of 3 minutes and 15 seconds, with
variation of pauses. The pauses between words are
approximately 10 seconds long. The audio channels are mono
with sample rate of 4.8 kHz, and 16 bits per sample and
totaling to a size of 18,715,724 bytes (18.7 MB on disk). This
file was used as audio input for further data processing.

I1l. AUDIO PREPARATION AND AUGMENTATION

Audio data analysis is commonly presented in two
domains, its frequency or time. The audio input
“Audio_Dave thomas.wav” is from Wikimedia, a publicly
accessible audio clip in the cloud. The frequency graph for the
raw audio visualization is as shown in Figure 1.

We used the python librosa library for audio data
processing in deep learning. Librosa is a python package for
audio and music signal processing whose default is to convert
the sampling rate of audio data to 22.05kHz, average the
sample values from left to right and convert stereo to mono
[2]. Librosa breaks the audio file to raw data processable for
machine. We plot the raw data to view the demographic of the
audio, spaces and ranges in frequency levels. We apply librosa
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Fig. 1. First: Raw data visualization showing 4.8kHZ audio frequency
Second: Trimmed raw data and Third: Correcponding MI Spectogram for
the Raw Data after loading data into Librosa, using 128 Mel bands.

effects, mainly color and trimming to produce
spectrograms for the audio. The feature analyses conducted by
Librosa produces two-dimensional (2D) arrays output which
is stored as numpy.ndarray [2]. During this process, the output
from Librosa is imported into 2D NumPy arrays using
imported python numpy library. Numpy generally provides
multidimensional array object and various routines for fast
operation on arrays.

Mel frequency scale allow humans to perceive sound
frequency and is used to represent audio signal [3]. Librosa
provides a platform for both Mel-scale spectrogram and Mel-
Frequenct Cepstral Coefficients (MFCC). Mel-scale
spectrogram were generated in Librosa as shown in Figure 1.

To have exact matching, we used the English
dictionary as the target labels for characters from the
transcription using the Python Alphabet library. Character
ID’s were constructed from vocabularies built in the
transcript. Once the audio files in the WAV format were
preprocessed, the data was used to build and train a model to
recognize the words in the input audio. The WAV audio file
was cut into short segments, mel spectrograms were generated
and this was used as input for training the model. Other python
libraries, NumPy and Pytorch, were also used in this process.
The validation set was split into two halves in order to obtain
a test set and a validation set of data. Since the data was
transformed into spectrogram images, the convolutional
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Fig. 2. Loss Curve and Accuracy Curves from Model Training

and Validation

neural network (CNN) was used to generate the model.
Aggregate statistics for mean and standard deviation were
computed in the training data using the normalization layer.
The model was trained using 10 epochs and training and
validation loss curves were obtained to check model’s
improvement during the course of the training (Figure 2).
Once the model was trained, the entire audio file was used as
input data to test the models functionality. WER was further
calculated to determine the effectiveness and accuracy of the
generated model.

When building the training model, we had key
consideration in parameters to make, our selection included: -
10 epochs to train the data, our batch size was 7 as we split our
audio file to seven chunks, training data quantity~ we had one
data taken out of the source.



IV. RESULTS

Prior to model training, the initial ASR model was used to
generate a .txt file of the input audio (Figure 3). The accuracy
of the data output was 27.3%, with very low accuracy of
spoken word. After model training, the accuracy level 77.3%
accuracy (Figure 4a). This accuracy rate was higher compared
to the first trial. As observed in the accuracy curves, with
increase in epoch, the accuracy rate of the trained model
significantly increased (Figure 2). More epochs will probably
be needed to further improve the accuracy of this proposed
model. Further, a more efficient code can be written to
generate better results. Although this is a lower number than
what was anticipated, it is a steppingstone and encouraging
since our model works. We aim to improve our code model
and run it again with changes in duration. Compared to current
state of art, our accuracy levels are low, as shown in table 1
[9], [10], [11], [12],[23].

TABLE I. STATE OF ART ACCURACY OF ASR MODEL
Table Column Head
Author -
Main work WER (%)
Chen et | HTS-AT — Tramsformer model with hierarchial
. 97%
al structure and token-semantic modules
Elizald | CLAP — CNN model pretrained by natural 96.7%
eetal language supervision 7
Gong et AST_ — Pure attention model pretrained on 95.7%
al AudioSet
Huang AclINet - CNN with mixup and data 85.65%
etal augmentation
Aytar Soundnet — 8-layer CNN with transfer learning
. 74.2%
etal from unlabeled videos

V. DISCUSSION

Our model was able to successfully transcribe the audio
file to text with an accuracy of 77%. We started off with a very
poor transcription of about ~27% accuracy before applying
Connection Temporal Classification (CTC) — CTC is a type of
neural network output and associated scoring function, for
training recurrent neural networks such as LSTM networks to
tackle sequence problems where the timing is variable. Our
audio file is large which lead to a poor first translation, we thus
split our audio file to chunks, we also created 0.5 seconds of
silence chunks to cater for low frequencies.

We build a recognizer function in python which imported
our audio file and generates a spectrogram. The function is
useful as it listens to the audio and builds response object,
these response objects are necessary to inform us whether
audio processing is a success, error, or the transcription is
ongoing. Split audio into chunks — we ran our code and
noticed that our transcription was a success, but the output still
generated words, we checked our model and epoch size but
noticed that was not the error but the length of our audio file
which couldn’t be fully read. We hence split the audio file in
the recognizer function to seven chunks and implemented a
loop which ensured each chunk was fully transcribed before
moving on to the next audio chunk. After running our model,
we extract the words from the transcription to a text file in the
same path as the source code.

Our most challenging task was during code debugging and
configuring our training data. As initially mentioned, when the

model first ran, it produced a very low WER and as such many
changes had to be made to the code to make sure we get better
results. We had to do more research and try various
approaches to our model to make it work better. At the time
of debugging, our model would shut down meaning our model
needed further improvement. The WER s still high, and this
remains to be the highest limitation facing our paper, we aim
to improve our model and thus gain better results in terms of
classification method and ASR system accuracy.

Our model currently analyzes only one audio file, other
research related to speech-to-text conversion usually use a
large dataset (metadata) of audio files, as demonstrated by de
Pinto et al., [7]. An area for improvement would be increasing
our data size and including more audios for training. Also, our
epoch value for our training model is low and improving it
might lead to better results in the transcription. Lastly, our
training model only runs for ~6 hours, which is factual
considering the size of our data but running our model for
longer periods might yield better results.

Mel Spectrograms was used as a feature to train our model,
instead of using Mel Spectrograms, we could use Mel
Frequency Cepstral Coefficients (MFCC) which is the state of
art in human sounds formalization. MFCC is a python library
that can be used to extract only the most essential frequency
coefficients. Various research, including Guisepe et al. who
achieved an accuracy score of .95 when using MFCC to test
emotion detection from spoken language, is a great incentive
to try MFCC in our model with the aim of getting better
accuracy scores.

Research by Han et al introduced ContextNet which an
encoder that analyzes global context information by squeezing
and excitation of modules. We are currently studying their
approach while looking up other modeling ideas to improve
our accuracy. Thus far, we have worked towards
implementing some suggestions we received from friends to
improve our model such as increasing the size of input,
increasing the number of epochs and batch number which is
gradually showing improvement [4]. Another approach to
improve WER is the denoising approach, the idea was
introduced by Kinoshita et al [5] where they demonstrated a
single-channel time-domain denouncing approach, which
provided 30% WER for ASR’s, as shown in their study.

VI. FUTURE WORK

Further work can be developed to further illustrate the
effects of speaker variability on the accuracy and performance
of these speech recognition tools. Speaker variability occurs
naturally mainly due to differences in biological
characteristics as influenced by gender, rate of speech, tonal
variation, accents, vocal effort and speaking style. Recent
inventions in speech recognition have been geared towards
accent identification, whereby the speech recognition system
selects an appropriate language base to transcribe the spoken
language based on users’ accent.

Hannah et al. in their research asked the question, “To
what extent does ASR accuracy vary across language
background?” and their answer proved that student language
background has a significant effect on ASR accuracy when
evaluating the use of ASR for young language learners [6].
This introduces a new research domain under our work,
language barrier, our long-term goal is to improve our model
and enable to capture different accents which is a challenge
facing current ASR’s.



Allison et al also present racial disparities in ASR’s, in
their research conducted, they show that black speakers had a
WER of 0.35 while white speakers had a WER of 0.19 in an
experiment to evaluate the 5 state-of-art ASRs developed by
Apple, Amazon, Google, Microsoft and IBM. This ties to our
end-goal in improving accent recognition for various English-
speaking nationalities with the aim of reducing WER for
common ASR’s [8].

VII. CONCLUSION

We have used CTC for our ML model to output spoken
audio to text, our result shows this technique is among the best
in the field of NLP and Speech to Text research. We observed
an accuracy of 0.7735 in our experiment, current models have
a higher accuracy and thus room for improvement on our
current model. Our research is expected to aid future studies
on natural language processing and implementation of ASR’s,
we plan to come up with a better model for audio translation
and address the bias in different accent recognition by ASR’s.

In summary, this work answers the following questions to
add to the state-of-art of ASR:

1. What is the key problem?

The key problem is the inability of Automated Speech
Recognition (ASR) tool to fully capture and
transcribe spoken audio. Speech-to-Text functionality
of various ASR’s is unexplainable and lacks a clear
measurement metric.

2. Why is it essential?

Use of ASRs such as Apple Siri is on the rise and
having a model which fully understands user
commands is good to have and increases users’
confidence in using the voice recognition systems/
automated speech recognition tools.

3. What are the previous works, including advantages
and disadvantages?
Previous work includes [4], the authors develop a
model to classify emotions from spoken language,
this kind of research conducted often develop a
classifier to understand various sound patterns and
group them according to their differences. Our project
is different in that we do not want to classify spoken
audio but instead produce a transcription which will
help the readers understand the process of speech-to-
text conversion in deep learning. Current ASR tools
are not open source and users do not know what
happens behind the scenes or how the translation is
processed by the machine.

4. What are your solutions, and why would they be
better than the previous ones?
We develop a deep learning model and train it to
capture key words and statements from an audio file
and in return produce a text file with the transcription
and the accuracy of the transcription. Our model is a
step ahead as it also provides the accuracy of the
transcription, one key challenge facing ASRs is bias
WERSs and lack of metric analysis.

5. How would it be achievable? (e.g., required steps)
Our goal was achievable by creating a model in deep
learning that took in audio in wave file, converted the
file into spectrograms which is machine readable and
used CTC to decode what was said into characters
which are outputted in a textfile. All this code was
written in python.

Our research is expected to aid future studies on
natural language processing and implementation of ASR’s, we
plan to come up with a better model for audio translation and
address the bias in different accent recognition by ASR’s.
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Last login: Fri Dec 9 18:20:58 on ttyseel
(base) mmware2Qunl.edu@MacBook-Air-(8) ~ % cd /Users/mmware2Qunl.edu/OneDrive\ -\ U
niversity\ of\ Nebraska-Lincoln/Bazenga/Fall\ 22/Classes/HA4ML
(base) mmware2@unl.edu@MacBook—Air—(8) HA4ML % python3 ./printtofile.py
result2:
{ 'alternative': [ { 'confidence': ©.77359551,
'transcript': "hello I'm Dave Thomas was born in "
'Albuquerque New Mexico and 1953 '
'currently I live in Socorro New '
'Mexico where I work at New Mexico '
'Tech earthquake instrument Center '
'and I also teach a couple night '
'classes and critical thinking into '
'the pentateuch that the Bible of the '
'truth movement and and biology and ' |
L 'interested in'}, |

Figure 3. Accuracy Level of Model Input

[ o Transcription.txt

Hello I'm Dave Thomas was born in Albuquerque New Mexico and 1953 currently I live in Socorro New
Mexico where I work at New Mexico Tech earthquake instrument Center and I also teach a couple night
wwlasses and critical thinkina inta the nentateuch that the Rihle nf the truth mnvement and and

Figure 4. Excerpt of Text File Ouput

@ ] T HA4AML — -zsh —104x31

(base) mmware2@unl.edu@MacBook-Air-(8) Classes % cd HA4ML
(base) mmware2@unl.edu@MacBook-Air—(8) HA4ML % pyton3 ./Translation.py
zsh: command not found: pyton3
(base) mmware2Qunl.edu@MacBook-Air-(8) HA4ML % python3 ./Translation.py
Transciption -> don't go to influence our was born in albuquerque new mexico in nineteen fifty three blo
kes earlier listen go sue corona mexico well we're working that now let's go check the niggers quick ins
trument asunder by wellstone go to to double my classes in a critical thinking of science and pseudoscie
nce of them they have stepped it for a couple decades ago got started with a start pulling quarterback a
nd leah the easter in the bay of cold fusion that's what piqued my interest as a physicist palm an them
and sense and there are really going man arrested in o. skepticism was in the analysis o. fool claims of
don't have to all of which you could call of physics for the people are reluctant to program in both of
those feel bible code word allows you to amuse and holds a book like the war and peace or harry potter
bono was able to shore of that and marlboro doesn't work because surge of overload salted messages into
of the pen to joke that the bio code words because it's a de mining techniques that works in the old boo
k so it don't see fung project alone a florida more experiments to lola denial of untruth conspiracies b
y a debate with their richard agent two thousand lying on the religious birth weight unrest in at an old
on perversity swerved and a lot of experiments with roof thermal engine and dropping things among other
things to see the test the claims of the truth movement and also for one where researchers short know t
hat they're playing send him along burning fires were little more than enough to move bring those doors
down oh i also have a lifelong interest in him though fossils and paleontology and all biology hands on
him well and arrested him the genetic algorithms would surely through a computer or emulation of evoluti
on that people used to look souls problems in and shut all my other and claim to fame blizzards though m
y physics professor rosen student when misspoke checks in the seventies of life is physics professor tru
ly being worked out turned out to be the guy they caused the roswell incident soria over in summer colso
n about his involvement in that he is at best way couple years ago one personally but i'm still out you'
re winding people in there was for one more stood mobile balloon experiment is because the whole brouhah
a foam soaring ker joo juno be skeptical global disbelieve for everything that comes in your word would
trigger value have every right to go to moons of evidence for claims the people what you believe
(base) mmware2@unl.edu@MacBook-Air-(8) HA4ML %

Figure 5. Transcription of Audio-to-Text Model with Poor Transcription Rate
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