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ABSTRACT : Tics are involuntary movements or sounds that can occur suddenly and repeatedly, which can
make it challenging for individuals with this condition to control their body movements or sounds. For many
people, tics are an inborn disability that can lead to difficulties using voice-based applications that require
clear and structured speech. This can cause problems with communication and can result in confusion for those
who are not familiar with the condition, leading to conversational breakdowns. To address these challenges, the
objective is to create a "tic translation™ tool that can help people with tics to translate their speech into a format
that is easier to understand for those who may have difficulty deciphering what they are saying. This tool could
be used to facilitate communication between individuals with tics and those who do not have experience with the
condition. The ability to identify and resolve semantic ambiguity is an important problem in natural language
processing and is relevant in fields such as information retrieval, question-answering, and chatbots. By
developing a tool that can accurately translate the speech of individuals with tics, we believe that we can make
significant strides towards improving communication and accessibility for people with tics, as well as
advancing the field of natural language processing.
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l. INTRODUCTION

Tourette's Syndrome is a neurological disorder characterized by repetitive and involuntary movements
or vocalizations known as tics. These tics can be motor tics such as eye blinking, head jerking, or shoulder
shrugging, or vocal tics such as grunting, coughing, or even saying inappropriate words. These involuntary tics
can cause embarrassment, social isolation, and difficulty in communication with others who are not familiar
with the condition.

To alleviate these challenges, this paper proposes a technology-based solution that combines natural
language processing (NLP), deep learning, and image processing techniques. This solution is designed to take
audio and video input from an individual with Tourette's Syndrome, detect and correct the audio-based tics, and
then convert the corrected audio to text. The text output is then displayed on a screen for the person with
Tourette's Syndrome to show to their communication partner, thus enhancing their ability to effectively
communicate with others.

The proposed application is expected to have a significant impact on the lives of individuals with
Tourette's Syndrome, as it will reduce the stigma associated with their condition and improve their ability to
communicate effectively with others. Moreover, the technology can be expanded to other application domains,
such as semantic ambiguity detection, to enhance communication for individuals with other communication-
related disabilities.
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Figure 3: User-Application-Server Interaction and data flow
3.2 UX Design

The front-end application is what the user interacts with to take audio and video recordings. The user
can simply press a button to begin recording audio and then presses the same button again to stop recording. For
video, the user’s camera opens up and records as well. As soon as the recording is complete, the user’s
recordings are stored in a local location on the phone and are also uploaded to the server.
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Audio Recording
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00:05

File Storage Location

Stop Recording

Begin Video Recording

Figure 4: The User Interface of the Application

Audio recording example, where we open the application, press record, and then stop recording to save
and send the file to the server. Video works in the same manner

3.3 Server Design

The Back-end of the application consists of a Flask server hosted on PythonAnywhere hosting service,
which serves as the middle-ware between the Unity application and the Deep Learning models. Initially, the
unity application captures the video or audio of the user which is sent to the server through POST calls made to
dedicated routes and stored in the built-in server storage. The server accesses the video/audio data from the
server-storage and performs video-based physical tic detection and sends the result back to the unity application
where it is displayed for the user. Simultaneously, the server utilizes the deep learning models housed in the
server storage to convert the video to audio and then extract the text from the audio which is then supplied as
input for the semantic-based sentence tic detection model to identify and eliminate tics in the text extracted from
the video. The cleaned text generated by the sentence tic detection model is sent back to the unity application
where it is displayed for the user.

3.4 Video Based Tic Detection

An Image Processing model has been developed with the aim of detecting jerky movements that are
indicative of tics for the purpose of tic detection. The input video is a prerecorded video that is stored on the
server-end. The code commences by importing essential libraries, initializing variables, and configuring the
webcam to capture video frames. Subsequently, it analyzes each frame, applies a color-to-grayscale conversion
to the image, and subjects it to a Gaussian blur to detect alterations between frames. The absolute difference
between the initial frame and the current frame is calculated, and a threshold value of 100 is established to
detect abrupt movements. Whenever the absolute difference surpasses the threshold, the system identifies a tic.
The system then accentuates the difference between the initial frame and the current frame and detects contours
in the frame. Whenever a tic is present, a green rectangle is exhibited around the affected region. The grayscale
image, the difference between frames, the threshold image, and the color image with the identified contour are
all displayed on the screen. The system halts when the video ends. Whenever a tic is detected, the system
displays a message indicating that a tic has been detected; if not, it presents a message specifying that no tics
were identified.
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3.5 Video preprocessing, Audio to text Conversion

This module runs parallel to the one above. Here, the video is processed suitably to enable audio based
tic detection. The processing involves extracting the audio from the input video. The audio is converted into a
wav file for easier reading and modifying capabilities. The text is then extracted from the audio file. To achieve
this, we make use of Openai's speech to text whisper model. The way Whisper works is by first recording an
audio stream, which is then analyzed using a neural network model trained on a large dataset of speech samples.
The system uses this model to decode the audio stream into phonemes, which are the basic sound units that
make up spoken language. After decoding the phonemes, the model then applies a language model to the
phoneme sequence, which helps it to predict the most likely words and phrases that were spoken. The language
model takes into account factors such as grammar, syntax, and context to generate the most accurate
transcription possible. To ensure maximum accuracy, it also employs advanced techniques such as speaker
diarization, which allows it to distinguish between different speakers in a conversation, and noise reduction,
which helps to filter out background noise and other audio artifacts that can interfere with transcription
accuracy.

3.6 Text Based Tic Detection and Semantic Correction

In this module, we look at an approach for detecting and correcting tics in textual data, specifically
focusing on sentences derived from a speech-to-text model. The goal of this process is to identify and eliminate
words with low attention values, which are considered as tics, from the input sentences. Once the tics are
removed, the corrected text is translated into American Sign Language (ASL) and sent to the front end for
further processing.

To achieve this, we employ a Transformer-based model that is capable of detecting the attention values
for each token in a given sentence. This model allows us to identify the tics and subsequently remove them from
the input text.

The first step in this process is to preprocess the input sentences. This involves the removal of
punctuation, tokenization of sentences into words, elimination of numbers, and conversion of words to
lowercase. We also considered the removal of stopwords, but this step was not implemented in the final version.
After preprocessing, the resulting sentences are then processed by the Transformer model to obtain the attention
values for each token.

Next, we extract the words and their corresponding attention values for each sentence in the input. For
each sentence, we remove the iterations and retain only the first activation, as we are primarily interested in
removing the tics. This results in a list of words and their respective activation values for each input sentence.

To identify the tics, we sort the activation values in ascending order and examine each token, starting
with the one with the lowest activation. We consider a token to be a tic if it is a full word present in the input
sentence. Once a tic is identified, it is removed from the input sentence. This process is repeated for all
sentences in the input text.

Finally, any remaining whitespace in the resulting sentences is eliminated, yielding the corrected text
devoid of tics. This text is then used for ASL translation and further processing in the front end.

3.7 Stutter Detection

In this module, we look at an approach for detecting stutters in spoken language by analyzing audio
features and utilizing a language model for predicting the next word in a sentence. The primary goal of this
method is to identify potential stutters in an audio file and offer suggestions for the next word based on the
context, ultimately improving the overall coherence and fluency of the generated text.
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The first step in this process involves converting the speech in the audio file into text. To achieve this,
we employ an automatic speech recognition (ASR) system, specifically using Google's Speech Recognition
service. The input audio file is processed by the ASR system, which generates a text representation of the
spoken content.

Next, we calculate two important features from the audio file: zero-crossing rate (ZCR) and energy.
These features are essential for detecting speech characteristics, such as intensity and pitch variations, which are
commonly associated with stutters. By analyzing these features, we can identify potential stuttering events in the
audio file.

Upon calculating the ZCR and energy features, we proceed to detect spikes in both features, which
may indicate the presence of stutters. By comparing the spike patterns in both the ZCR and energy features, we
can identify overlapping spikes. These overlapping spikes are considered stuttering events, as they correspond to
instances where both intensity and pitch variations are observed simultaneously.

With the stuttering events detected, we then leverage a language model to predict the next word in the
sentence. In this approach, we use the GPT-2 language model and the corresponding tokenizer for text
generation tasks. We construct a prompt for the language model by selecting a few words from the text
preceding the first detected stutter. This prompt serves as context for the language model to generate a coherent
and contextually appropriate suggestion for the next word.

The GPT-2 model generates a completion for the given prompt, and the last word in the generated
completion is extracted as the suggested next word. This word is presented as a possible replacement for the
stuttering event in the original text, thus improving the overall fluency of the sentence.

3.8 Sentence to ASL

This module accomplishes the task of converting text to a sequence of corresponding American Sign
Language (ASL) images. It works by constructing a dictionary that maps each letter in the vocabulary to its
corresponding ASL image filename. The vocabulary includes all lowercase letters from 'a' to 'z, as well as a
space character. Once the dictionary is created, the input text is processed by converting it to lowercase and
removing any characters that are not in the vocabulary. Then, the text is split into individual characters, which
are used to look up the corresponding image filenames in the dictionary. Finally, the image filenames are passed
to a function, which accomplishes the task of opening and resizing each image and combining them into a single
output image.

The output image is a horizontal sequence of ASL images that represent the input sentence, and is displayed to
the user.

IV. EXPERIMENTS AND RESULTS

4.1 UX DESIGN

The Unity Application on the Front-End enables the user to take Video or Audio recordings. When the
user starts a new recording, it toggles the camera or the microphone on the device side to record. The user has
the option to continue recording for as long as they want. When the user has finished taking the recording, the
video/audio file is sent to the Flask API through a POST method. If the upload is successful, the Flask API
returns a success message which is shown by the application to the user along with the local file path of the
recording.
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Audio Recording
Time

00:05

File Storage Location

Stop Recording

Begin Video Recording

Figure 5: The User Interface of the application

4.2 SERVER DESIGN

The server is configured and managed from the PythonAnywhere server dashboard. The video/audio
file is uploaded from the unity application to the Flask API through a POST call and form parameters. When the
video/audio upload is successful, it is saved in the server storage as seen below. All the routes and methods are
present in the api.py file which is responsible for running the server.

Send feedback Forums Help Blog Account Logout

55 puthonanywhere Dashboard Consoles Files Web Tasks Databases
&
by ANACONDA

[EZZER) You have not confirmed your email address yet. This means that you will not be able to reset your

password if you lose it. If you cannot find your confirmation email anymore, send yourself a new one here.

/home/kaushik3009/ 7 mysite [E Open Bash console here  37% full - 4.5 GB of your 12.0 GB quota (I
Directories

Enter new directory name ’ New d

__pycache_/ fin)
static/ m
Files
Enter new file name New e LM IPython Notebook ~
[ api.py 3. T 202304101335 33kB
B received_audiowav & T 202304110827 1.0M8
Bi received_vidmpa & T 202304101326 8037kB
I requirements.xt .G T 202304101300 15k8

100MiB maximum size

Figure 6: Server Dashboard with Assets

The server functionality for uploading video and audio is tested using PostMan platform. Here, we choose the POST method
since we are sending video/audio data to the server. We attach the file in the Body as form-data and run the method. If the
file upload is successful, a success message is shown in the output window.
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POST http://kaushik3009.py ®  POST http://kaushik3009.p) ®

http://kaushik3009.pythonanywhere.com/uploadaudio

http://kaushik3009.pythonanywhere.com/uploadaudio

Body Pre-r

none @ form-data x-www-form-urlencoded raw binary GraphQL

Value

file_example_WAV_IMG.wav X

Body Cookies
Pretty Raw Visualize HTML

Audio uploaded successfully!

Description

Figure 7: PostMan testing of audio uploads to flask API

POST http://kaushik3009.py ®

http://kaushik3009.pythonanywhere.com/uploadvideo

http://kaushik3009.pythonanywhere.com/uploadvideo

) Body F ript  Tests
none @ form-data x-www-form-urlencoded raw binary GraphQL
Key Value

file example.mp4 X

Body

Pretty

video uploaded successfully!

Description

Figu re 8: PostMan testing of video uploads to flask API

We perform Video-based Tic detection on the video uploaded from Unity Application. The result of this operation is
accessed through a GET method and sent back to the Unity Application where it displayed for the user.

& kaushik3009.pythonanywhere.co: X & New Tab

€ > C 0

! VIT email = VIT Vellore - VTOP

X ® New Tab

kaushik3009.pythonanywhere.com/frc

Tic detected

Figure 9: output of Video based tic detection from server call

4.3 Video Based Tic Detection

A novel Image Processing model has been developed with the primary objective of identifying abrupt movements
that signify tics, aimed at detecting tics. The input is a pre-recorded video that is stored on the server-end. Each frame
captured from the video is analyzed, converted from color to grayscale, and subjected to a Gaussian blur to detect any
alterations between frames. The difference between the initial frame and the current frame is calculated, and a threshold
value of 100 is set to identify sudden movements. Whenever the difference exceeds the threshold, the system identifies the
presence of a tic. The system accentuates the difference between the initial and current frames, and contours in the frame are

*Corresponding Author: Avyay M Casheekar

71 | Page



Tic Translation using Attention

detected. Upon detection of a tic, a green rectangle is displayed around the affected area. The grayscale image, frame
difference, threshold image, and color image with the identified contour are all shown on the screen. The system ceases
operation when the video finishes. A message indicating the presence or absence of a tic is displayed accordingly

4.4 Video preprocessing, Audio to text Conversion

The video is first loaded in to be processed, following which it the audio is extracted into an mp3 file, and then
subsequently into a wav file. The libraries pydub and moviepy.editor are used for this.

v input_video="/content/example.mp4"

1s

converted_audio="example.mp3"
output_audio="example.wav"

video = VideoFileClip(input_video)
video.audio.write_audiofile(converted_audio) #conversion to audio

sound = AudioSegment.from_mp3(converted_audio)
sound.export(output_audio, format="wav") #conversion to .wav file

[> MoviePy - Writing audio in example.mp3
MoviePy - Done.
<_io.BufferedRandom name='example.wav'>

;{ [7] Audio("example.wav") #play the audio
P 0:00/0:06 e———— ) @

Figure 10: Extracting audio from Video

After successfully extracting the audio from the server, we then load the whisper model. The task for the model
is set as transcribe, and the language as English.

:‘ [5] import whisper
. from IPython.display import Audio, display

~ [8] model = whisper.load_model("base.en")

100% | NENERNENNNENRNSERNSNSNSNNRNRNNANRNRNRN | 135v/135M [06:02<00:00, 57.1MiB/s]

~ [9] options = whisper.DecodingOptions(language='english', task='transcribe', without_timestamps=True)
options

DecodingOptions(task='transcribe', language='english', temperature=e.@, sample_len=None, best_of=None, beam_size=None,

patience=None, length_penalty=None, prompt=None, prefix=None, suppress_tokens='-1', suppress_blank=True,
without_timestamps=True, max_initial_timestamp=1.8, fplé=True)

Figure 11: Loading and Initializing the Whisper model

We then process the audio to make it a suitable size, by padding or trimming. This audio is then converted into a
log mel spectrogram. This spectrogram is finally passed through the whisper model, where it is processed to
give back the recognised speech
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‘\3/ [18] audio = whisper.load_audio("example.wav")

audio = whisper.pad_or_trim(audio)

mel = whisper.log_mel_spectrogram(audio).to(model.device)
result = model.decode(mel, options)

@

Ol = - Y |
v ° result.text

'Hello, good morning to you all. I hope you're having a good day.'

Figure 12: Passing the processed Audio through the model

4.5 Text Based Tic Detection and Semantic Correction

The script presented in this study preprocesses and simplifies input sentences by identifying and removing words with low
activation values in a given neuron. We demonstrate the functionality and output of the script using three example sentences:

textlist=][
”lhatebaldschool”,
”lownacrapstore”,
“leatchairfood”

]

These sentences can be replaced with any custom sentences for further exploration. The script preprocesses the input
sentences by removing punctuation, converting words to lower-case, and tokenizing them. The preprocessed sentences are
then visualized, as shown below:

textlist=[
>1hatebaldschool’,
iownacrapstore’,
ieatchairfood’

]

The Neuron Text Simplifier is applied to the preprocessed sentences, iteratively calculating activations and removing the
word with the lowest activation value. The final simplified sentences are printed, and a visualization of the simplification
process is generated:

['i hate bald school®, "i own a crap store’, 'i eat chair food']

Layer: Samples per page:

Neuron:
Samples:

i hate bald school
i bald school
 school

school

i own afeele store
iown af-ill-
ey stored

i store

store

|
i eat chairm

i chairm

i food

food

Figure 13: simplified Text Visualization and Attention coloring

The output consists of the original sentences with the identified tics removed. In our example, the following simplified
sentences are obtained:

textlist=[
PreprocessedText:[
>1hatebaldschool’,
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iownacrapstore’,
ieatchairfood’

1
SimplifiedText:[
>ithateschool’,
’iownastore’,
>ieatfood’

]
]

Users can adjust the input sentences, model, layer, or neuron parameters to observe how different configurations affect the
script’s performance. By exploring these variations, this research aims to provide insights into the process of text
simplification and contribute to the development of more effective natural language processing tools.

4.6 Stutter Detection

The presented script aims to detect stutters in an audio file and suggest the next word using a pre-trained GPT-2 language
model. It employs both speech recognition and transformer-based text completion techniques to accomplish this task. The
audio file is first transcribed into text using Google Speech Recognition. Next, the zero-crossing rate (ZCR) and energy
features are calculated, and the spikes in these features are detected. Stuttering events are identified by finding overlapping
spikes in both the ZCR and energy features. If stuttering events are detected, the script uses the last few words before the
first stutter as a prompt to suggest the next word based on the GPT-2 language model. The number of words in the prompt
can be adjusted to provide a better context for the language model:

prompt="".join(words[-5:])

Finally, the script outputs the suggested next word or a message indicating that no stutters were detected. The
output for the example audio file is as follows:

Suggestednextword: [ INSERT SUGGESTED WORD HERE]

By adjusting the input audio file and the number of words in the prompt, users can explore the performance of the
script under various conditions. This research aims to provide insights into stutter detection and contribute to the
development of more effective speech processing tools.

4.7 Sentence to ASL

The script converts a sentence into a sequence of American Sign Language (ASL) images by matching each letter
in the input sentence with its corresponding ASL image file, using a pre-defined vocabulary of letters. The resulting
sequence of image files represents the input sentence in ASL. These image files are then merged horizontally into a single
image, which is displayed using the Python Imaging Library (PIL). The output for the sentence” How are you?” is given
below:

Figure 14: sample Output Image

V. CONCLUSION

In conclusion, this study has presented a pioneering approach towards addressing the communication
challenges faced by individuals with tics, an involuntary condition that affects body movements and sounds.
Through the development of a” tic translation” tool, we have taken a significant step in facilitating better
communication between people with tics and those who may be unfamiliar with the condition. This tool holds
great potential in improving the accessibility and inclusivity of voice-based applications for individuals with
tics, making these platforms more accommodating to their unique needs. The” tic translation” tool is not only
beneficial for individuals with tics but also has broader implications for the field of natural language processing.
By working on semantic ambiguity resolution and enhancing the tool’s translation capabilities, we are
contributing to the advancement of natural language processing techniques. This, in turn, can positively impact
various applications, such as information retrieval, question-answering, and chatbots. Furthermore, the
development of this tool highlights the importance of considering the diverse needs of different user groups
when designing and developing technology. By focusing on the challenges faced by individuals with tics, we
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emphasize the need for inclusive design principles, ensuring that technology can be accessible and usable by a
wide range of users.
This study serves as an essential reminder of the potential for technology to bridge gaps, foster

understanding, and promote inclusivity in society. The” tic translation” tool can serve as a foundation for future
work that seeks to refine, expand, and enhance its capabilities. By continuing to explore the needs of individuals
with tics and incorporating their feedback, we can ensure that our approach remains user-centered and
continually evolves to better address their communication challenges.

VI.  Future Work

In future work, it will be essential to further refine the” tic translation” tool by incorporating user
feedback and exploring additional features, such as real-time translation and integration with popular
communication platforms. Expanding the tool to support multiple languages and cultural contexts will also be
crucial in making it more universally accessible. Additionally, investigating the potential application of
advanced natural language processing techniques, such as transformers and deep learning models, could
improve the tool’s translation accuracy and adaptability, ultimately enhancing its overall effectiveness in
facilitating communication for individuals with tics.
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