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e Learning American Sign Language can be e We trained the computer vision model to maintain over 85% coordinates are formatted and sent l
challenging without real-time feedback or classification accuracy across the ASL alphabet. to the Google Gemini API, which | T
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in the moment sharding scales reliably under high user loads. Scoring and Feedback Engine diagram

e There is a need for an engaging,
technology-driven platform that makes
ASL Iearnmg more accessible and ASL Sign Recognition: Prediction Accuracy (~80%)
personalized

Experimental Results

e Model inference achieved a 15ms average response time for
real-time feedback. A 2 1 1 3 1 1 1 1 1

e Overall classification accuracy reached approximately 80% across
the ASL alphabet.

e Misclassifications were primarily isolated to visually similar sign
pairs like M and N or U and V.
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Conclusions

e SignQuest currently has been tested to work in a well lit environment
with all letters in the alphabet which meets our goals for this MVP.

e Future plans include going beyond letters and signing words and
sentences, developing additional mini games, developing competitive
modes, and making the application work in a variety of situations.
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