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The feature fusion depth estimation algorithm based on Laplacian pyramid

Li Minghui  Fan Zheyi  Zhu Yixuan

(School of Integrated Circuits and Electronics, Beijing Institute of Technology,Beijing 100081, China)

Abstract: In the field of computer vision, monocular depth estimation has garnered significant attention due to its
importance in applications such as autonomous driving and scene reconstruction. However, existing self-supervised
monocular depth estimation methods fail to fully exploit low-level features, resulting in poor depth estimation
performance for object contours. To address this issue. this paper proposed a multi-scale feature fusion decoding
method. The original RGB image is progressively downsampled using a Gaussian approach to obtain feature maps at
various levels, which are then upsampled using Gaussian processes. During upsampling and downsampling. Laplacian
pyramids are constructed using feature maps of the same dimensions. During decoding, the lost contour cues from
downsampling are fused with the features extracted by the encoder at each scale, guiding the decoder to generate more
accurate depth maps and maximizing the utilization of low-level features from the encoder. Compared with the
experimental results of the baseline method Monodepth2 on the KITTI dataset, this method reduced the absolute
relative error Abs Rel by 1. 69% , the squared relative error Sq Rel by 6. 80% , and the root mean square error RMSE
by 1. 00% , indicating that this method has improved the accuracy of global depth estimation, and the visual analysis

also verified that the method has significantly improved in the depth estimation effect of object contours.

Keywords: depth estimation;self-supervised;Laplace pyramid;feature fusion
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Fig. 2 Overview of the proposed network architecture
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Table 1 detailed architecture of the decoder
Level Block  Filter size Stride Channel In Out
upconv0 3X3 2 512/256 S/32 S/32
Level5 upsample — 2 256/256 S/32 S/16
upconvl 3X3 2 515/256 S/16 S/16
upconv(Q 3X3 2 256/128 S/16 S/16
upsample — 2 128/128 S/16 S/8
Level4
upconvl 3X3 2 259/128 S/8 S/8
disconv 3X3 2 128/1 S/8 S/8
upconv0 3X3 2 128/64 S/8 S/8
upsample — 2 64/64 S/8 S/4
Level3
upconvl 3X3 2 131/64 S/4 S/4
disconv 3X3 2 64/1 S/4 S/4
upconv0 3X3 2 64/32 S/4 S/4
upsample 2 32/32 S/4 S/2
Level2
upconvl 3X3 2 67/32 S/2  S/2
disconv 3X3 2 32/1 S/2  S/2
upconv0 3X3 2 32/16 S/2  S/2
upsample — 2 16/16 S/2 S
Levell
upconvl 3X3 2 19/16 S S
disconv 3X3 2 16/1 S S
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Fig. 4  Architecture of decoder
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Table 2 Quantitative results on KITTI
75 ik Abs Rel Sq Rel RMSE  RMSE log  §<1.25' 8<C1. 25° 8<C1.25°
Monodepth2 0.118 0.927 4. 893 0.195 0. 872 0. 958 0. 981
SC-SIMLearner(2021) " 0.119 0. 857 4. 950 0.197 0. 863 0. 957 0. 981
Liu %5 (ResNet18) (2024) 0.118 0. 903 4. 809 0. 190 0. 870 0. 959 0. 982
GC-Depth(2024) ™" 0.122 0. 868 4. 986 0. 200 0. 857 0.953 0. 980
Ours 0.116 0. 864 4. 844 0. 195 0. 874 0. 959 0. 981
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