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Unsupervised depth and optical flow estimation method based on
multiple mask techniques
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(1. School of Information Science and Technology, Nantong University, Nantong 226019, China; 2. School of Mechanical
Engineering, Nantong University, Nantong 226019, China)

Abstract: In response to the challenges posed by inaccurate estimations in handling dynamic objects,
occlusions, and other complex real-world scenarios within the autonomous driving domain, an
unsupervised depth and optical flow estimation method based on the multi-mask technique was
proposed. This approach aimed to extract target depth, camera pose, and optical flow information from
monocular video sequences through unsupervised learning. The method firstly designed a variety of
special masks for different outlier types which effectively suppressed the interference of outliers on the
photometric consistency loss function and played a key role in outlier removal during both pose and
optical flow estimation tasks. Secondly, a pre-trained optical flow estimation network was introduced to
assist the depth and pose estimation networks to fully utilize the geometric constraints of the 3D scene,

thus enhancing the joint training performance. Finally, the optical flow estimation network was
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optimally trained with the help of the depth and pose information obtained from training, as well as the

computationally obtained mask. Experimental results on the KITTI dataset showed that this strategy

significantly improved the performance of the model and outperforms other methods of the same type.

Keywords: unsupervised learning ; depth estimation; pose estimation; 3D reconstruction
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Fig.1 Schematic of the joint training of depth estimation network, pose estimation network and mask estimation network.
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Fig.3 Two examples of the visualization of calculation masks and estimation masks
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Fig.4 Comparison of the qualitative results for depth estimation
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Tab.2 Comparison of the quantitative results for depth estimation
ik Abs Rel Sq Rel RMSE RMSE log 5<125 5<1.252 §<125°
SCHR[S] 0.208 1.768 6.856 0.283 0.678 0.885 0.957
SCHR[6] 0.154 1218 5.699 0.231 0.798 0.932 0.973
SCHR(7] 0.144 1.391 5.869 0.241 0.803 0.928 0.969
SCHK(8] 0.163 1.240 6.220 0.250 0.762 0.916 0.968
SCHR[9] 0.155 1.296 5.857 0.233 0.793 0.931 0.973
SCHK[15] 0.137 1.089 5.439 0.217 0.830 0.942 0.975
A7 0.110 0.801 4538 0.188 0.887 0.964 0.984

Tab.3 Comparison of the quantitative results for pose

RI RHITHEELRER

estimation

itk FF5109HATE FF5110fATE
3CHK2] 0.014 + 0.008 0.012+0.011
SCHR[S] 0.016 + 0.009 0.013 + 0.009
SCHRIS] 0.013 +0.010 0.012+0.011
SCHR[9] 0.012 + 0.007 0.012 + 0.009
SCHK[15] 0.016 + 0.007 0.015+0.015
AR5 0.007 + 0.005 0.007 + 0.005
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Tab.4 Comparison of the quantitative results for optical flow
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Fig.5 Comparison of the qualitative results for optical flow estimation
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