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1 Network Architecture

We show the architecture and parameters of our proposed network in Tab. 1,
where {rblocki} represent residual blocks from ResNet101 [3].

2 More Results on NYUDv2 Test Set

Fig. 1 shows more qualitative results from the test split of NYUDv2 Dataset by
comparing our approach with several state-of-the-art monocular depth estimation
methods [2,4,1]. As can be seen from this figure, our results present better spatial
structure, i.e., sharper boundaries and more faithful ordinal relationship between
objects. Fig. 2 demonstrates visualization results of reprojected 3D point clouds
using different methods.

3 More Results on HC Depth Test Set

We show the summarized six types of hard cases for monocular depth estimation
in Figs. 3 (dark lighting), 4 (portrait), 5 (spurious edges), 6 (reflecting surface), 7
(sky), and 8 (tilted shots), respectively. Each of these figures presents qualitative
results of several examples from the test set of our HC Depth dataset.
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Table 1: Our proposed network architecture. K: kernel size; S: stride in convolution
layers; in and out: spatial resolution of the input and output; Input: input of
the layer. conv: convolution layer; upconv: upsample and convolution layer. In
the last column, + and U1−4 denote layer concatenation.

Layer K S Channel in out Input

Encoder

E1
conv 7 2 3/64 H H/2 input RGB

GCB1 - 1 64/64 H/4 H/4 conv

E2

maxpool 3 2 64/64 H/2 H/4 GCB1

rblock1 1,3 1 64/256 H/4 H/4 maxpool
GCB2 - 1 256/256 H/4 H/4 rblock1

E3
rblock2 1,3 2 256/512 H/4 H/8 GCB2

GCB3 - 1 512/512 H/8 H/8 rblock2

E4
rblock3 1,3 2 512/1024 H/8 H/16 GCB3

GCB4 - 1 1024/1024 H/16 H/16 rblock3

E5
rblock4 1,3 1 1024/2048 H/16 H/32 GCB4

GCB5 - 1 2048/2048 H/32 H/32 rblock4

Decoder

D5 upconv4 3 2 2048/1024 H/32 H/16 GCB5

D4

SAB4 1 1 2048/2048 H/16 H/16 D5 + GCB4

conv4 3 1 2048/1024 H/16 H/16 SAB4

upconv3 3 2 1024/512 H/16 H/8 conv4

D3

SAB3 1 1 1024/1024 H/8 H/8 D4 + GCB3

conv3 3 1 1024/512 H/8 H/8 SAB3

upconv2 3 2 512/256 H/8 H/4 conv3

D2

SAB2 1 1 512/512 H/4 H/4 D3 + GCB2

conv2 3 1 512/256 H/4 H/4 SAB2

upconv1 3 2 256/64 H/4 H/2 conv2

D1
SAB1 1 1 128/128 H/2 H/2 D2 + GCB1

conv1 3 1 128/64 H/2 H/2 SAB1

Output

U4
conv5 3 1 1024/256 H/16 H/16 conv4

upshuffle3 - - 256/1 H/16 H conv5

U3
conv6 3 1 512/64 H/8 H/8 conv3

upshuffle2 - - 64/1 H/8 H conv6

U2
conv7 3 1 256/16 H/4 H/4 conv2

upshuffle1 - - 16/1 H/4 H conv7

U1 upsample - - 64/64 H/2 H conv1

Out
conv0 3 1 67/32 H H U1−4

depth 3 1 32/1 H H conv0
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Fig. 1: Qualitative results on NYUDv2. From left to right: input images, ground-
truth depth maps, Fu et al. [2], Hu et al. [4], Alhashim et al. [1], our full model
trained on NYUDv2, and our full model trained on all the six datasets. All the
depth maps are visualized using the same scale.
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Fig. 2: Qualitative results on NYUDv2. From left to right, we show input images,
depth maps visualized as point clouds using Fu et al. [2], Hu et al. [4], Alhashim
et al. [1], and our proposed method. The last column is the results of our full
model trained on all the six datasets. The 3D point clouds of each example are
rendered from the same viewpoint.
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Fig. 3: Qualitative results on the cases of dark lighting from HC Depth dataset.
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Fig. 4: Qualitative results on the cases of portrait from HC Depth dataset.
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Fig. 5: Qualitative results on the cases of spurious edges from HC Depth dataset.
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Fig. 6: Qualitative results on the cases of reflecting surface from HC Depth
dataset.
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Fig. 7: Qualitative results on the cases of sky from HC Depth dataset.
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Fig. 8: Qualitative results on the cases of tilted shot from HC Depth dataset.
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