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Verification of Effect caused by Replacement of Layers in YOLOX-Nano
with Layers in MobileNetV3
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This paper proposes a new object detection model, which is based on YOLOX-Nano, but some layers not only in
backbone but also in neck and head parts of YOLOX-Nano are replaced by layers in MobileNetV3. This paper also
shows the comparison between the proposed model and the original YOLOX-Nano and the other YOLO models in

terms of number of parameters, inference time, and object detection accuracy.
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