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A Monocular Depth Estimation Combined with Attention and

Unsupervised Deep Learning
Cen Shi-jie, He Yuan-lie, Chen Xiao-cong
(School of Computers, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: To solve the problem of boundary blurring of current unsupervised monocular depth estimation method,
a network architecture is proposed based on dual attention module. This architecture can effectively solve the
problem of boundary blurring of depth estimation by using long-range context information of image features. The
model framework that includes depth estimation network and pose estimation network is trained by an
unsupervised method based on view synthesis and estimation depth and camera pose transformation at the same
time. The dual attention module is embedded in the depth estimation network, including position attention module
and channel attention module. This module can represent the long-range spatial location and the context
information between different feature maps, so that the network can estimate the depth information with better
details. The experimental results on the KITTI dataset and the Make3D dataset show that our method can
effectively improve the accuracy of the monocular depth estimation and can solve the depth estimation boundary

blur problem.
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Fig.2 Depth estimation network structure
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Table1 Comparison of experimental results of depth estimation on the KITTI dataset
. MR BETRR Kﬁl‘ﬂﬁ?ﬂi?&ﬁﬁ%
Abs Rel SqRel  RMSE RMSE log 0<1.25 4<1.25 9<1.25°
Eigen'"” 1 0.203 1.548 6.307 0.282 0.702 0.890 0.890
Liu" H 0.201 1.584 6.471 0.273 0.680 0.898 0.967
Zhou!” x 0.183 1.595 6.709 0.270 0.734 0.902 0.959
DF-Net!"! x 0.150 1.124 5.507 0.223 0.806 0.933 0.973
Ranjan'"® x 0.148 1.149 5.464 0.226 0.815 0.935 0.973
Bian!""! x 0.128 1.047 5.234 0.208 0.846 0.947 0.976
Godard™ x 0.115 0.882 4.701 0.190 0.879 0.961 0.982
AL (416x128) 7 0.123 0.990 5.042 0.200 0.861 0.954 0.979
AL (TETRINZR) x 0.128 1.047 5.123 0.206 0.855 0.951 0.978
AR(TCVE R IR 7 0.116 0.901 4.802 0.191 0.876 0.958 0.981
AR G AT x 0.111 0.860 4731 0.188 0.884 0.962 0.982
#2 7EMake3DHIREAZ L MRESKINLEER
m u m Table2 Results of generalization performance experiments in the
SN Make3D data set
AbsRel  SqRel RMSE  RMSE log
& Godard“(XX H) 0.544  10.94 11.760 0.193
(b) Zhou® Zhou" 0.383 5321 10470 0.478
- .- — DF-Net!"* 0.331 2.698 6.89 0.416
AL 0.314 3.160 7.397 0.164
(c) Bian!'” ) -
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Fig.4 Depth estimation results on the KITTI dataset
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Fig.5 Depth estimation results on the Make3D dataset
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