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Abstract Conclusion

Artificial intelligence 1s becoming increasingly important 1n

Experimental Methods and Materials
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cyber-physical systems such as autonomous robots, virtual reality, Python using PyTorch. inference using semantic edge computing across
rones, and connected vehicles, where real-time processing 1s essential. - Partitioned the model across a Raspberry Pi, Jetson resource-constrained devices and a GPU

However, many resource-constralngd devices lac.k the computatlone}l ’ Orin, and GPU workstation using semantic edge workstation.
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usimg the ONNX format for Meta QllESt virtual reahty headsets. ® Integrate Meta Quest passthrough cameras for
Additionally, the architecture of other ResNet-based models was
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Unity.

e Integrated the pipeline with Meta Quest 2 for future live image capture.

. o - . . - ot e Perform real-time object recognition using the
without sacrificing model accuracy. This work advances the e High-performance GPU ° IR)‘_mSl Unity alfl’fhca“on VR deployment. ] S 2
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. . . ? e Returns final prediction ® Interactable World o . . .
computer vision applications. k ) across all hardware configurations. e Enable immersive AI-powered VR applications.
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