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Outdoor Self-Supervised Monocular Depth Estimation
Based on Slice Self Query
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Abstract: To reduce the loss of global depth information caused by vertical-direction sensitivity and limited receptive
fields of local convolutions in outdoor monocular depth estimation. research is conducted on the column-wise global modeling
approach. During the coding process, a vertical-pixel self-attention module is employed to extract column-level global infor-
mation; During the decoding process. the visual features of U-Net are re-calibrated by column-wise, making global prior
columns to obtain higher weights and suppress noisy columns. Also, a self-query module is set up to perform coarse queries
on the output features of the encoder and decoder, constructing a self- generated cost volume and depth-distribution features,
thus performing weighted aggregation for depth regression. On the KITTI, the AbsRel decreases to 0. 087, the SqRel to
0.653, the RMSE to 4. 120, and ¢ increases from less than 1. 25 to 0. 921; On the Make3D, The AbsRel decreases from
0. 306 to 0. 304, the RMSE from 6. 856 to 6. 778, and the RMSElog from 0. 151 to 0. 149. The results show that the col-
umn-wise global dependency modeling and probabilistic fusion compensate for the lack of global perception in local convolu-
tions, enhancing estimation stability and cross-domain robustness in long-range and sparse texture regions, thereby meeting
the requirements of complex outdoor scenarios for monocular depth estimation accuracy and generalization capability.
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