556 4% 4519

Wt 5 ot w1 o ik R

2019 4 10 A Laser & Optoelectronics Progress

HeUR L 27 ST By B H PR O 2 il VIR F 52 30k D
0", KT, 2, EK

T IS B AR R R G IERT . LR BR 5 A [ B 2A 22 Be . b5t 100871

ME A YRR ABOR BEAT 5 TR B A TR T AL G ST 2 S — i R S = M R R
FRIRT . AR T RE 2 T BB H RRIR A T R R, S M B R A . AR T IR — 40
S A IO 3 5 O L SR M S R M P T s M R G o M A R R B S SRS IR T IR E
SITE B H EG R BEAG TSR A S e AR B, SES T AT S B SN R L R T R SR TR S 1 B
RER WL BHWE FREA W WM 4l

HESES TP391 XEkFRIRES A doi: 10.3788/L0OP56.190001

Progress in Deep Learning Based Monocular Image Depth Estimation
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Abstract Obtaining depth estimation of a scene from a two-dimensional image is a classic computer vision problem
that plays an important role in three-dimensional reconstruction and scene perception. Monocular image depth
estimation based on deep learning has been developing rapidly in recent years with new methods being proposed
rapidly. This study discusses the application history and research progress in deep learning-based monocular depth
estimation and analyzes several representative deep learning algorithms and network architectures in detail for both
supervised and unsupervised learning. Finally, the research progress and trend of the deep learning in the monocular
depth estimation field are summarized. Existing problems and future research priorities are discussed as well.
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Table 1 Quantitative evaluation of selected algorithms on NYU Depth V2 dataset

Method Year Type € Abs € RMS €l §<<1.25 0<<1.25% 0<<1.25°
Method in Ref. [23] 2014 Sup. 0.215 0.907 — 0.611 0.887 0.971
Method in Ref. [26] 2016 Sup. 0.213 0.759 0.087 0.650 0.906 0.976
Method in Ref. [27] 2016 Sup. 0.127 0.573 0.055 0.811 0.953 0.988
Method in Ref. [61] 2017 Sup. 0.121 0.586 0.052 0.811 0.954 0.987
Method in Ref. [47] 2018 Sup. 0.115 0.509 0.051 0.828 0.965 0.992
Method in Ref. [42] 2018 Sup. 0.098 0.329 0.040 0.917 0.983 0.996
Method in Ref. [45] 2018 Sup. 0.139 0.505 0.058 0.820 0.960 0.989
Method in Ref. [10] 2019 Sup. 0.128 0.523 0.059 0.813 0.964 0.992

Note: bold means best; italic means second best.
F 2 WAEUETE KITTI SR b aysE #iTMm
Table 2 Quantitative evaluation of selected algorithms on KITTI dataset

Method Year Type € Abs € Rrums €lq §<<C1.25 0<C1.25° 0<C1.25°
Method in Ref. [23] 2014 Sup. 0.190 7.156 0.270 0.692 0.899 0.967
Method in Ref. [26]] 2016 Sup. 0.217 7.046 — 0.656 0.881 0.958
Method in Ref. [53] 2017  Semi. (stereo)  0.113 4.621 0.189 0.862 0.960 0.986
Method in Ref. [31] 2017 Unsup. (stereo) 0.114 4.935 0.206 0.861 0.949 0.976
Method in Ref. [47] 2018 Sup. 0.072 2.727 0.120 0.932 0.984 0.994
Method in Ref. [42] 2018 Sup. - 5.110 0.215 0.843 0.950 0.981
Method in Ref. [45] 2018 Sup. 0.113 4.687 - 0.856 0.962 0.988
Method in Ref. [33] 2018  Unsup. (video) 0.109 4,750 0.187 0.874 0.958 0.982
Method in Ref. [62] 2018 Unsup. (stereo) 0.095 4.316 0.177 0.892 0.966 0.984
Method in Ref. [59] 2018  Unsup. (video) 0.153 5.737 0.232 0.802 0.934 0.972
Method in Ref. [57] 2019  Unsup. (video) 0.139 5.160 0.215 0.833 0.939 0.975

Note: bold means best; italic means second best.
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Main contributions

First to use deep learning on

monocular depth estimation (MDE)

Introduction of residual learning to

MDE with optimized up-convolutions

Table 3 Summary of selected representative algorithms
Method Year Type Data type Loss
] Inference error
Method in Ref. [23] 2014 Sup. RGB-+depth
(original)
Inference error
Method in Ref. [27] 2016 Sup.  RGB-+depth
(berHu loss)
Inference error
Method in Ref. [61] 2017 Sup.  RGB-+depth

(square loss)

Berhu loss (supervised

. Binocular RGB +

loss) , image alignment
Method in Ref. [53] 2017 Semi.

sparse depth error (unsupervised

loss) s regularization loss

Achievement of end-to-end MDE
with CNN layers fused within CRF

Introduction of a semi-supervised

deep learning approach of MDE

Ordinal regression method for

Method in Ref. [47] 2018 Sup. RGB+depth Ordinal regression loss
MDE with dilated convolutions
Wrapping loss, depth Cascaded architecture to resolve rigid
Method in Ref. [59] 2018  Unsup. Video smoothness loss, flow and object motion separately in
geometric consistency loss  depth estimation from monocular video
Reconstruction loss, wrapping MDE in highly dynamic scenes with
Method in Ref. [33] 2018 Unsup Video loss, depth smoothness loss explicit modeling of 3D motions of

object size constraints

moving objects and camera itself
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