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A1 A7 % (Convolution Neural Network, CNN) -

AR 9151 A 8571 A

27} 9t Qo] A

Al "} =]
v e A 8] A B, Eigenld] 52 97 Q2o ] AL
% 2565 384, 384 256,
E} 3 256, 4096,
11x11 conv o Bl ﬁlx} e T ’r = . InPUt
4 stride 2x2 pool = = =
2x2 pool
5 Coarse 1 Coarse2 Coarse3  Coarse4  Coarse 5 Coarse 6 _ c
______________________________ . Loarse
63, E 64, 64
(R : Fine
9x9 conv Concatenate 5x5 conv 55 conv
2 stride
2x2 pool Fine 1 Fine 2 Fine 3 Fine 4 3
Input H tGT
. * Learning in a coarse-to-fine manner
OE * Stacked learning ® Local details are hardly revealed
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(Vertical Pooling)

Dilated . Fullimage
convolution d

Dense feature
extractor > * Conv

» Convs > > » Conv ’é >

Scene understanding Ordinal

>l

@ r>
> Conv—» - >

output

L> ey

modular regression

X Ordinal loss : L(X,0) = Z Z c¥(w,h,X,0) 0 : weight vectors for ordinal regression
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Input color image

Ground truth

Godard (2017)

Kuznietsov (2018)

Fu (2018)

Lee (2019)

Song (2021)
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Input color image
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7P el AMgEa k4l Zzhe] WEe 243
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<38l 7> KITTI(®Z)2t NYU Depth V2(0te%) H|0/EfAloj A{9f EFot 210

<H 1> Efot Zlo] =

0?.'.

g0 Ml g,
O

1539 23

o] off ([13] &S 0/8)

Eigen [4] 0.702 0.898 0.967 0.203 1.548 6.307 0.282
Godard [7] 0.861 0.949 0.976 0.114 0.898 4.935 0.206
Gan[11] 0.890 0.964 0.985 0.098 0.667 3.933 0.173
Fu[9] 0.897 0.966 0.986 0.099 0.593 3.714 0.161
Lee[12] 0.904 0.967 0.984 0.091 0.555 4.033 0.174
Song [13] 0.962 0.994 0.999 0.059 0.212 2.446 0.091
Bhat [16] 0.964 0.995 0.999 0.058 0.190 2.360 0.088
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