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Monocular depth estimation based on dense connected network
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[ Abstract] As a basic problem of computer vision, monocular depth estimation has been widely concerned. At present, most
methods focus on the image—level information of deep convolutional neural network, and the convergence speed is slow and the
accuracy drops, especially in the case of multi—objects with different sizes in the image. For this reason, we propose a new DCDN
(Deep Convolution DenseASPP Network) model structure based on a codec framework and apply it to depth estimation. We believe
that different convolution kernels are needed to obtain the features of objects of different scales. For some multi—object images,
different convolution kernels should be used to obtain their characteristics. In this paper, dense linked dilated convolution groups are
used to enhance the characteristic learning of multi—scale targets by using the dilated convolution with different dilation rates. The
experimental results show that our method achieves the accuracy of 0.823 ( threshold < 1.25) on NYU-Depth—-V2 data set, which is
better than the most advanced method.
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Fig. 1 The overall framework of the model
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Fig. 2 The network structure of the different down—sampling
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Tab. 1 Comparison of recognition performance of different methods

i 2
XF LT

8, 6, 83 AbsRel RMSE log10

Saxena et al. 0.447 0.745 0.897 0.349 1.214 -

Wang et al. 0.605 0.890 0.970 0.220 0.824 -
Liu et al. 0.650 0.906 0.976 0.213 0.759 0.087

Eigen et al. 0.769 0.950 0.988 0.158 0.641 -
Li et al. 0.789 0.955 0.988 0.152 0.611 0.064
Laina et al. 0.811 0.953 0.988 0.127 0.573 0.055
Xu et al. 0.811 0.954 0.987 0.121 0.586 0.052

Lee at al. 0.815 0.963 0.991 0.139 0.572 -
Cao et al. 0.819 0.965 0.992 0.141 0.573 0.055
Ours 0.823 0.964 0.994 0.139 0.474 0.057
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Tab. 2 The results of Ablation Study
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ik
8, < 1.25 8, < 1.25% 8, < 1.25° AbsRel RMSE log10
(RD) 0.776 0.952 0.988 0.158 0.567 0.067
(DD) 0.798 0.952 0.989 0.149 0.562 0.064
Deeplabv3 0.813 0.962 0.993 0.149 0.477 0.060
DCDN 0.823 0.964 0.994 0.139 0.474 0.057
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Fig. 3 The figures of ablation studies
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