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Depth estimation technique of sequence image based

on deep learning
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Abstract: Aiming at the weak generalization of single-frame image depth estimation, a depth estimation
technique based on deep learning was proposed, which used deep convolutional neural network as the
basic framework and combined the epipolar geometry constraints to construct the end-to-end mapping
from sequence images to the depth information, enabling unsupervised depth estimation that only relied on
sequence image information. At the same time, a kind of loss function based on three-dimensional
geometric information of the scene was constructed, and the original loss function based on the re-
projection error between images was discarded to improve the robustness of the algorithm. Finally, the
accuracy and precision of the algorithm were verified by the open source database. At the same time, the
generalization of the algorithm was verified by the infrared image dataset, which laid a foundation for the
military application.
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Fig.1 Network structure of depth estimation technique of sequence image based on deep learning
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Tab.1 Comparison of estimated performance between the proposed algorithm and other deep learning depth

estimation algorithms under KITTI dataset

Algorithm Training data Distance/m Absolute error Relative error
Ref.[6] Image & depth 80 0.203 1.548
Ref.[8] Binocular images 80 0.148 1.344
Ref.[9] Sequence image 30 0.198 1.836
Proposed algorithm Sequence image 30 0.141 1.184
Algorithm Training data Distance/m 8<1.25 6<1.25° 6<1.25°
Ref.[6] Image & depth 80 0.702 0.890 0.958
Ref.[8] Binocular images 80 0.803 0.922 0.964
Ref.[9] Sequence image 80 0.718 0.901 0.960
Proposed algorithm Sequence image 80 0.812 0.934 0.976
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Fig.5 Depth estimation result of the proposed algorithm on KITTI

dataset
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