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« The Automation Manufacturing Technology (AMT) team aims to automate * Preprocess data by eliminating redundant entries and conducting exploratory analysis on Methodology Features
parameter adjustments for a medical manufacturing machine using a closed- essential parameters. Use Streamlit, a Python library, to connect e Model Selection
loop system, with assistance from a machine learning model. + Create an Al model with a baseline accuracy of at least 70%, capable of iterative accuracy backend ML processing with frontend o Real Time Predicted Results
. The project automates parameter adjustments for a medical manufacturing enhancement. presentation. This allows users to interact with e Calculates CPK, a statistical measure that
machine using a closed-loop system and a machine learning model. - Validate the model using the Cpk metric, ensuring it meets a threshold of 1.3. Integrate real- ML models directly through a.web browser. evaluaFes how W,e.” a process meets
. L . L . . . . . Data for ML models is stored in MySQL for predefined specifications.
« The current method for machine tuning in our process generates time prediction deployment into a website for dynamic user interaction.

. . . . . . efficient storage and retrieval.
approximately 20% scrap material, primarily due to the initial setup required

to achieve the correct Outer and Inner diameters within needed specification.
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Tubing enters the expander machine, where temperature and pressure are LU ol | | . Expand data collection to ensure . Enhance the website Ul to improve user
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monitors dimensions to meet quality standards. After processing, the tubing representation. e
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