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Abstract

The problem of depth estimation from single image has been addressed. The mapping between a
single image and the depth map is inherently ambiguous, and requires both global and local in-
formation. This paper presents a fully convolutional U-net whose encoder is pre-trained ResNet50
without fully connected layer or pooling layer, and uses residual up-sampling layers to enlarge the
feature maps. Besides, skip connection is introduced, making the model U-net, to fuse global and
local information. The network can be end-to-end trained.
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Figure 1. The architecture of the proposed network
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Figure 2. Up-sampling layer
& 2. ERER

3*3@(C//2)

e | 4 (2 HP W)

A\i “(C//2) *dil2)

‘ RN
3*3@(C//2) | 2*3@(C//2) | 3%2@(C//2) | 2*2@I(C//2) —
L7 G— L

HFW*
C

3*3@(C//2) | 2%3@(C//2) | 3*2@(c//2) | 2*2@(c//2) (2*H)*(2*W)*(C//2)
(1)

\ﬁ

Figure 3. Fast up-projection layer
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Table 1. Comparison of evaluation index on NYU v2 dataset
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Figure 4. The depth estimation of NYU v2 dataset
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