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CBAM-based deep ordinal regression method
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[ Abstract] Aiming at the shortcomings of the full-image encoder in the monocular depth estimation model deep oridinal regression
network that it is easy to lose the feature information and position information of the truncated length value, a CBAM-based depth
ordinal regression method is proposed. First embed CBAM into depth ordinal regression algorithm as a full image encoder, and use
channel attention mechanism and spatial attraction mechanism to capture the complete feature information and position information of
the image, and readjust the original features through the obtained attention map; then perform the corresponding depth value
Discrete, transform the depth estimation into an ordinal regression problem; finally use the regression loss function to train the
network. The experimental results show that, using other supervised learning, semi-supervised learning and unsupervised learning
methods, this method achieves better results on the KITTI data set.
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Tab. 1 Comparison of experimental results on the KITTI dataset
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Ours l 0.064 0.286 2.697 0.944 0.989 0.992
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