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Principles and Trends of Depth Estimation
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Abstract

With the advent of deep learning, the depth estimation based on images has made
dramatic process for recent a few years. In this paper, we take a close look at not
only stereo approach methods but also monocular approaches. In particular,
unsupervised monocular methods consider the pose of the camera and by estimating
the camera position and adopt to the current depth estimation. Besides, light-weight
depth estimation network shows promising results that the network inference is able
to execute on CPU. Moreover, we introduce the depth estimation method using 360

image inputs.
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Fig. 1. Examples in KITTI dataset [5].
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Fig. 2. Examples in Cityscapes dataset [6].
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Table 1. Performance comparison of stereo
approach (KITTI 2015).

D1l-bg D1-fg D1-all
MC-CNN - - 3.25
GC-Net 2.21 6.16 2.87
PSMNet 1.86 4.62 2.32
DPSNet 4.21 7.58 4.77

B 2. COHIATIEE 22| 24 7| Hlw,
Table 2. Performance comparison of monocular
approach (KITTI 2015).

RMSE | Abs | Sq

Method | RMSE log Rel | Rel

§<1.25|0 < 1.25°

Eigen [2] | 6.307 | 0.282 | 0.203 | 1.548 | 0.702 | 0.890

G?ff]rd 5.370 | 0.208 | 0.133 | 1.158 | 0.841 | 0.949
Vld[Z]ljze]Pth 6.220 | 0.250 | 0.163 | 1.240 | 0.762 | 0.916

Strﬁcggfpt 47503 | 0.1866 | 0.1087 | 0.8250 0.8738 | 0.9577

B
FAEF7ISNEAG R AdE AFAHY
o} A

(e are) AzHAE A% Feeo



(1]

(11)

T

Tdlolel S23F 70, 20004367).

Nl

Z1n 28
D. Scharstein, R. Szeliski, and R.

Zabih, “A taxonomy and evaluation of
dense two-frame stereo correspondence
algorithms”, Proc. SMBV, 2001.

D. Eigen, C. Puhrsch, and R. Fergus,
“Depth map prediction from a single
image using a multi-scale deep network
Proc. NIPS, 2014.

J. Zbontar, Y. LeCun, “Stereo matching
by training a convolutional neural
network to compare image patches’, J.
of Machine Learning Research, Vol. 17,
2016.

A. Kendall, et al., "End-to-end learning
of geometry and context for deep stereo
regression’, Proc. ICCV, 2017.

M. Menze, C. Heipke, and A. Geiger,
“‘Object
Photogrammetry and Remote Sensing,
Vol. 140, pp. 60-76, 2018.
M. Cordts,et al., "The
dataset for semantic urban scene
understanding’, Proc. CVPR, 2016.

N. Silberman, P. Kohli, D. Hoiem, and

R. Fegus, ‘Indoor segmentation and

scene flow , Journal of

cityscapes

support inference from RGBD images’,
Proc. ECCV, 2012.

J.-R. Chang, Y.-S. Chen, "Pyramid
stereo matching network’, Proc. CVPR,
2018.

B. Ummenhofer, et al., DeMoN: depth
and motion network for learning
monocular stereo’, Proc. CVPR, 2017.
S. Im, H.-G. Jeon, S. Lin, and I. S.
“DSPNet: end-to-end deep
plane sweep stereo’, Proc. ICLR, 2019.

C. Godard, O. M. Aodha, and G. J.

Kweon,

(17]

(18]

(19)

Brostow, ‘Unsupervised monocular depth
estimation with left right consistency’,
Proc. CVPR, 2017.
R. Mahjourian, and A.

learning of

M. Wicke,
Angelova, “Unsupervised
depth and ego-motion from monocular
video using 3D geometric constraints’,
Proc. CVPR, 2018.

V. Casser, S. Pirk, R. Mahjourian, and
A. Angelova, Depth prediction without
Sensors: leveraging  structure  for
unsupervised learning from monocular
video’, Proc. AAAI, 2019.

M. Poggi, F. Aleotti, F. Tosi, and S.
Mattoccia, "Towards real-time unsupervised
monocular depth estimation on CPU,”
Proc. IROS, 2018.

N. Zioulis, A. Karakottas, D. Zarpalas,
“OmniDepth:
depth estimation for indoors spherical
panoramas’, Proc. ECCV, 2018.

P. Heise, S. Klose, B. Jensen, and A.
Knoll, “Patchmatch with huber regularization
for stereo matching’, Proc. ICCV, 2013.
C. Szegedyl, et al., “Coing deeper with
convolutions’, Proc. CVPR, 2015.

H. Schilling, M. Diebold, C. Rother,
and B. Jahne, “Trust your model: light
field depth
occlusion handling’, Proc. CVPR, 2018.
A. Saxena, S. H. Chung, and A. Y. Ng,
“Learning depth from single monocular
images’, Proc. NIPS, 2006.

S. Y. Oh, J. E. Lee, and H. J. S. Kim,

“Fast and

and P. Daras, dense

estimation with inline

light-weight unsupervised

depth estimation for mobile GPU
hardware’, Proc. CVPR-W, 2018.
Depth Estimation 7|&2| 92| & 53 _43



