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[Abstract]

Irrelevant objects in the background of a video can distract viewers from the main subject, expose sensitive information, or
capture individuals without consent, raising privacy concerns and necessitating their removal. This paper presents a system for the
automatic removal of multiple objects from an image. While previous studies have focused mainly on single-object removal, this
study introduces a method for simultaneously removing multiple objects. The proposed system integrates the Yolov7 and FairMOT
models to automatically detect and mask multiple objects in an image, using inpainting techniques to restore the regions where
objects have been removed. The key contribution of this study is its ability to process multiple objects simultaneously, enabling
automatic identification and removal without requiring user-defined segmentation. Additionally, performance is enhanced through

the design of an inpainting loss function. This approach advances both processing speed and privacy protection.
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