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Motivation to use GCN

= CNN can only extract the feature of receptive field of filter

» Depth value is related to
» The neighboring pixel values CNN
= Other pixels of the same depth value — GCN
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Network Architecture
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Graph Construction
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Depth Graph
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Graph construction using threshold 6
where d is the coarse-grained depth map. m is the rows number. n is the columns number.
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Feature extraction

' . =

Use same encoder in coarse depth prediction network

Extract multi-scale node feature in encoder
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Node Feature



GCN for depth estimation

Reconstruction
graph

]

Prediction depth

Depth Graph

Node Feature

GNN Decoder Layer

3 A : adjacency matrix of graph
A=A+1 1 — .
1) D : degree matrix of A (all weights are same)

H+= o(p2ADzH'WY) (2) H': I'th layer's node feature. (N x D matrix)

i . (H® = feature extracted by CNN)

A = sigmoid(H1H1 ) (3) . . _
W trainable weight matrix

A : reconstruction graph’s adjacency matrix



Multiscale depth estimation
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Loss function
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Implementation result

0
20

40

20

40

60

10



Result of implementation
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