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Abstract

Recent years, self-supervised monocular depth estimation has garnered extensive attention in the
field of computer vision due to its advantage of not requiring depth labels. However, traditional self-
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supervised monocular depth prediction methods are typically based on the assumption of static
scenes, which leads to a significant decrease in depth prediction accuracy when dynamic objects
appear in consecutive frames. To address this issue, this paper proposes a multi-frame self-super-
vised monocular depth estimation model. The model identifies moving objects in images through a
segmentation network and reconstructs images using optical flow information between multiple
frames. By separating static scenes from dynamic objects, this approach effectively improves the
accuracy of depth estimation for dynamic objects. Additionally, this paper have designed the Dy-
namic Object Reconstruction Loss (DRL) and Depth Consistency Loss (DCL) to supervise the gener-
ation of dynamic reconstruction images and reconstructed depth maps. Experimental results
demonstrate that this method outperforms existing mainstream approaches on three public da-
tasets, enabling accurate depth prediction in dynamic scenes.
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Figure 1. The overview of model framework
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Figure 2. Schematic diagram of depth estimation error for dynamic objects
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Table 1. Experimental results on the nuScenes dataset. “OM” denotes whether moving objects are considered, and “-” indicates
that the data is not provided in the paper
F 1. nuScenes HIFE LHSLWER. “OM” RRREZRESHIE, 7 RANEFRBRMIZHIE
Jii OM  AbsRel Sq Rel RMSE  RMSElog ¢<1.257 £<1251 ¢<1.25%
Monodepth2 [18] 0.425 16.592 10.040 0.402 0.723 0.827 0.887
Packnet [19] 0.309 2.891 7.994 - 0.547 0.796 0.899
FSM [20] 0.334 2.845 7.786 - 0.580 0.761 0.894
VoluFusion [21] 0.271 - 7.391 - 0.726 - -
zeroDepth [11] 0.236 - 7.054 - 0.747 - -
Lite-Mono [6] 0.491 15.578 9.807 0.449 0.720 0.831 0.879
SurroundDepth [7] 0.245 3.030 6.835 - 0.719 0.878 0.935
ZoeDepth [22] 0.504 - 7.717 - 0.255 - -
WSGD [23] 0.176 1.603 6.036 0.245 0.750 0.912 0.963
MonoProb [24] 0.219 - 9.559 - 0.684 - -
Dynamo (MD2) [8] 0.193 2.285 7.357 0.287 0.765 0.885 0.935
Dynamo (LM) [§] \ 0.179 2.118 7.050 0.271 0.787 0.896 0.940
Ours \ 0.152 1.627 7.083 0.252 0.792 0.916 0.965
Input images Monodepth2 Dynamo-Depth Ours
Figure 3. Comparison of visualization results on the nuScenes dataset
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Table 2. Experimental results on the KITTI dataset. “OM” denotes whether moving objects are considered, and “-” indicates
that the data is not provided in the paper

T2 KITTI BURE EHSKIEER. “OM” RINEBZREIMF, “7 RRNEDRBREEIZEE

WARrS oM Abs Rel Sq Rel RMSE  RMSElog §<1251 &<1.25% &E<1.25%
Monodepth2 [18] 0.115 0.903 4.863 0.190 0.877 0.959 0.981
Packnet [19] 0.111 0.785 4.601 0.189 0.878 0.960 0.982
Lite-mono [6] 0.103 0.798 4514 0.179 0.897 0.964 0.983
Geonet [25] V 0.155 1.296 5.857 0.233 0.793 0.931 0.973
TrianFlow [26] \ 0.113 0.704 4.581 0.184 0.871 0.961 0.984
Dynamic [27] V 0.130 0.950 5.138 0.209 0.843 0.948 0.978
Insta-DM [28] \/ 0.112 0.777 4772 0.191 0.872 0.959 0.982
Dynamo (MD2) [8] v 0.120 0.864 4.850 0.195 0.858 0.956 0.982
Dynamo (LM) [8] ¢ 0.112 0.785 4505 0.166 0.873 0.959 0.984
Ours V 0.109 0.795 4.605 0.186 0.883 0.960 0.983

Input images Monodepth2 Dynamo-Depth Ours

Figure 4. Comparison of visualization results on the KITTI dataset
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Table 3. Experimental results on the DDAD dataset. “OM” denotes whether moving objects are considered, and “-” indicates
that the data is not provided in the paper
7 3. DDAD B FHKHLER. “"OM” RREBEREIIMEF, “7 REANEPRARERBIZEE
Jr ik OM  AbsRel Sq Rel RMSE  RMSElog £<1251 £<12527 §£<125%
Monodepth2 [18] 0.239 12.547 18.392 0.316 0.752 0.899 0.949
Packnet [19] 0.182 7.945 15.021 0.259 0.828 0.925 0.961
zeroDepth [11] 0.156 - 10.678 - 0.814 - -
Lite-Mono [6] 0.199 10.851 15.151 0.261 0.802 0.919 0.959
SurroundDepth [7] 0.200 3.392 12.270 - 0.740 0.894 0.947
ZoeDepth [22] 0.647 - 16.320 - 0.265 - -
Ours Y 0.162 3.592 14.083 0.252 0.798 0.918 0.965
Input images Monodepth2 Ours

Figure 5. Comparison of visualization results on the DDAD dataset
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Table 4. Results of ablation experiment
4. HRASKIREER

WARrS Abs Rel Sq Rel RMSE  RMSElog §&<1251 &E<1.25% &E<1.25%
Baseline 0.425 16.267 10.392 0.416 0.722 0.839 0.889
Baseline + DOD 0.202 2.944 7.549 0.274 0.769 0.911 0.957
Baseline + DOD + DRL 0.167 1.944 7.349 0.264 0.774 0.912 0.961
Baseline + DOD + DRL + DCL  0.152 1.627 7.083 0.252 0.792 0.916 0.965
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