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Need Statement Objective

Urban households need a system which ldentify food spoilage in common and unfamiliar items in
detects whether fresh and cooked foods in household refrigerators using visual cues, insertion and
refrigerators are demonstrating signs of removal times, and user-provided images, and to display
spoilage to reduce the amount of food waste. the state of foods to reduce waste.

> Figure 2A: A strong, constant decrease in both training loss and
” -y = validation accuracy for all produce over 16 epochs. The similarity
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S between the highest values of 0.0847 for training loss and 0.1594 for

validation loss indicate effective learning and limited overfitting.
However, there are multiple large spikes for apples, suggesting
potential for further training.
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Background Methodology
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