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Abstract : Monocular 3D object detection is one of the important technologies in autonomous driving systems. With the
increasing demand for autonomous driving, monocular 3D object detection has received more and more attention.
However, accurately locating 3D objects from a single image is a very challenging problem. On the one hand, the accuracy
of depth information estimation needs to be improved. On the other hand, existing methods usually adopt a strategy of
joint training of 3D and 2D detection branches. This coupling method limits the performance optimization of the 2D
detection branch. To solve the above problems, this paper proposes a two-stage monocular 3D object detection method
based on depth fusion and noise perturbation enhancement. This method designs a depth information fusion mechanism.
By evaluating the reliability of different depth estimation results,an adaptive weighting strategy is used for depth fusion,
which significantly improves the depth estimation accuracy. At the same time,a decoupled training strategy is proposed to
train 3D and 2D detection branches independently , introduce noise perturbations in the 2D detection branch,and enhance
the 2D feature extraction capability by data enhancement,thereby providing more reliable 2D information support for 3D
detection. The model proposed in this paper is verified on the KITTI dataset. The results show that the model has good
vehicle target recognition and has achieved good results for targets of different difficulty levels in the dataset.
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Fig. 1 Two-stage monocular 3D object detection based on deep fusion and noise perturbation enhancement
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