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ABSTRACT

Complex semantic segmentation tasks are primarily performed in server environments equipped with high-performance
graphics hardware such as GPUs and TPUs. This cloud-based Al inference method operates by transmitting processed results
to the client. However, this approach is dependent on network communication and raises concerns about privacy infringement
during the process of transmitting user data to servers. Therefore, this paper proposes a Generalized On-Device Framework
for Semantic Segmentation that can operate in mobile environments with high accessibility to people. This framework
supports various semantic segmentation models and enables direct inference in mobile environments through model conversion
and efficient memory management techniques. It is expected that this research approach will enable effective execution of
semantic segmentation algorithms even in resource-constrained situations such as IoT devices, autonomous vehicles, and
industrial robots, which are not cloud computing environments. This is expected to contribute to the advancement of real-time
image processing, privacy protection, and network-independent Al application fields.
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