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Unsupervised monocular depth estimation based on stable photometric loss

Qu Yi  Chen Ying
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Abstract: The photometric loss has been playing an important role in the training of video-based unsupervised monocular depth
estimation models. However, it generally has large errors in special regions such as weak texture regions and edge regions, which leads
to strong instability in the supervision signal of the training network. To solve the problem, a more robust unsupervised monocular depth
estimation method is proposed. The method first combines the dual-branch encoder and the channel attention module to improve the
extraction ability of the single-frame depth network for depth features. Then, the single-frame depth network results are used to guide the
multi-frame depth estimation to improve the accuracy of depth estimation. On the basis, a new photometric loss function is designed. By
calculating the photometric loss on the image gradient, the unreasonable supervision caused by local brightness changes is eliminated. At
the same time, the difference between successive pixels is used to define the blurry pixels. Finally, the false supervision caused by the
blurred pixels on the target frame and the reconstructed target frame is excluded based on the binary mask. In the test results of the
KITTI dataset, multiple indicators such as the average relative error, the square relative error and the root mean square error have
improved. The average relative error and the squared relative error are reduced to 0. 075 and 0. 548 respectively. The experimental result
shows that the proposed method further improves the performance of existing models compared with other advanced methods.
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Table 2 Comparison of experimental results on the KITTI dataset

bk v W BRZEFE bR (BN AU A 5 GBS )

yik:. Abs Rel Sq Rel RMSE RMSE log 6<1.25 5<1.25° 5<1.25°
Li &2 620x 188 D 0.113 — 4. 687 — 0. 856 0.962 0. 988
Akada %22 960x288 D 0.168 1.288 5.498 0.235 0.771 0.921 0.973
Monodepth2!®! 640x192 M 0.115 0.903 4.863 0.193 0.877 0.959 0.981
Li %1 640%192 M 0.113 0. 850 4.768 0. 190 0. 877 0. 960 0.982
DynaDepth?! 640x192 M 0. 109 0.787 4.705 0.195 0. 869 0.958 0.981
DIFFNet!2* 640x192 M 0.102 0.764 4.483 0.180 0. 896 0. 965 0.983
ManyDepth %£[2) 640x192 M 0. 098 0.770 4.459 0.176 0. 900 0. 965 0.983
DynamicDepth!?®!  640x192 M 0. 096 0.720 4. 458 0.175 0.897 0. 964 0.984
DepthFormert?  640%192 M 0. 090 0. 661 4.149 0.175 0. 905 0. 967 0.984
MOVEDepth!® 640%192 M 0. 085 0. 670 4.266 0.165 0.910 0.967 0.984
Chen 5[] 1024x320 M 0. 094 0. 681 4.392 0.185 0. 892 0. 962 0.981
SGDepth?] 1280x384  D+M 0. 107 0. 768 4. 468 0. 186 0. 891 0. 963 0. 892
AT 640x192 M 0.075 0.548 3.878 0.153 0.925 0.972 0. 986
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Fig.5 Visual comparison on Make3D dataset
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Table 3 The results of ablation experiments to verify the properties of each component

PREETRAR (B INBUT ) fbINAESGIvN 3 D)
N 24 3 " " e B
ks Rk L HRERREHIR Abs Rel  Sq Rel RMSE RMSE log §<1.25 §<1.25% 5<1.25°
FEUE M 4 - - - 0.085 0.670 4. 266 0. 165 0.910 0.967 0.984
Vv - - 0.078  0.566 3.942 0. 155 0.921 0.972 0. 986
v vV - 0.077 0.549  3.897 0.155  0.923 0.972 0. 986
ARSIy
vV - v 0.078 0.546  3.907 0.155  0.921 0.971 0. 986
vV vV vV 0.075 0.548  3.878 0.153  0.925  0.972 0. 986
*4 WIEARHRASHNENHMIHER
Table 4 The results of ablation experiments to verify the photometric loss parameter value
N N N BRZEFR bR (BB ) U PR A GBOCBUEF )
' : } Abs Rel Sq Rel RMSE RMSE log ~ 8<1.25  §<1.25 §<1.25°
0.85 0 0.15 0.078 0. 566 3.942 0. 155 0.921 0.972 0. 986
0.75 0.10 0.15 0.075 0. 548 3.878 0.153 0. 925 0.972 0. 986
0. 65 0.20 0.15 0.076 0.579 3.905 0.153 0. 925 0.972 0. 986
0.75 0.15 0. 10 0.077 0. 568 3.913 0.153 0.923 0. 972 0. 986
0.75 0.05 0.20 0.076 0.553 3.892 0. 154 0.923 0.972 0. 986
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