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e We propose AVNet, a novel multimodal deep learning model that classifies emergency
vehicles into four categories (police car, ambulance, fire truck, and 10
road/non-emergency) using either audio data, video data, or their fusion. AVNET COMPONENTS
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e The model integrates an Audio Spectrogram Transformer (AST) branch and a Vision
Transformer (ViT) branch.
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models to train a multimodal student network.
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e Complete comparative study to assess model performance against
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e Increase model capacity on a larger GPU.
e Expand to include additional classes, such as train horns and air medical

Fire Engine Class Example :
Ambulance Class Example g P transportation.
Optimization involves two loss functions: e Add a real-time processing interface for embedded systems applications.
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