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Progress of visual depth estimation and point cloud mapping

CHEN Yuan-feng
(Midea Group (Shanghai) Co. , Litd. , Shanghai 201799, China)

Abstract: Simultaneous location and mapping (SLAM) is a key technology for autonomous driving vehi-
cles and robots to realize autonomous movement. The lidar currently widely used in SLAM technology
present a series of issues, including high cost, low spatial resolution of laser point clouds, and difficulty in
obtaining accurate semantic information. In contrast, cameras can effectively avoid the above problems,
but more complex algorithms are required in depth prediction and mapping. In recent years, with the in-
crease in computing power, the continuous enrichment of data sets, as well as the introduction of new ma-
chine vision algorithms, the accuracy and efficiency of vision depth prediction and mapping algorithms have
been greatly improved. This article summarizes the existing methods of visual depth prediction and point
cloud mapping and classifies the methodology based on visual data collection approach and algorithm de-
sign, then analyzes the application scenarios and prospect of visual depth estimation and point cloud map-
ping.
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Tab.1 Summary of visual depth prediction
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Fig. 1 Data of the binocular camera, Through the difference between the left and right images, the distance between the objects in the

scene and the camera can be detected 1. (a) Left image (b) Right image (¢) Depth map
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Fig.2 Qualitative comparison of various methods'®
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unit with its coordinate system in the back (b)"*'.

], 7 8 7 i ] P R R — A 4 )R TR A
1M Saeedi 558 A" 38 &2 FF & 8 1) B £ A A M AT: o]
SLAM B iz g Al 11 55 16 15 30 F 2F 4% B 2 A
Wi,

[6] PR 15 22 46 7 17, Usenko 25 A48 Hy 1 ]
FH AR G PR 1R 52 DA s 15 1 B R T o i B
A OCAT 2ok HE AT W0 8 158 1 e S L 9% i A —
HARLRPE R R VIO BB W #E i fE 8 0 i
R, TR 2R — S w5, J8 4775 H
bundle ¥ 3 13X 26 [K £ 5 16 36 ] & L9 145 A i

Ko VIO [R5~ 42 Jag e S5 A9 488 150 £ F1ORFATD £ ]
DAL 3], 42 w5 7 WS B0 & PR PR ADRS B2 o Xiao 55
NSV B B O e o R M R B R X g 2
EAR A AR AE s AT b 30, 2 25 00 T T IE
DU JHE 171 S B0 2B TR 22

7 4 P 77 T, IE 40O 1 P B R 2 A T O
1 A0 F TN o DG 5 R A R AR ) R S R S L K
R 1A 3% B4 A 5, P o R e R LA SR T R Y 3R
W o Qin & AR T 44 4 SR AR Sk ok 1 i g
T F o % AR GE AR D B T R A R G B A Y



Wi st e, 05

JEAR 15 5 BT 5 2 T 15

BB R, A B4 R W5 1 L. Hong Al Kim'*
fih 2 B AR O A AL I R gl A R R T B 5 S O
BV 1 v A, I o 8 R A — A 4R AR AR R AR

Original Image

Global
Alignment

P A

(R5,) 85

’P

Minimizing the

Perspective projection

PR R A W — A4 s P, JF A a2 A 2] 1 A
S WA 5 45 B 00 Y 3D A, 4n 18] 15 s

reprojection error

a_ hLMJ

Transformed Image

2D Space —
B 15 3D T i 2 AT TR B

C; C;
R'I’a ’ t!)F

3D Space —

S I THT AR 099 7 i) T LA S ek X A P Rei BEA T 308 (B ) Re Al 1

Fig. 15 An example of pose estimation for a 3D panel. The direction of the actual panel can be estimated by inverting

(transposing) the rotation matrix Rei'*

4 % RiE

A SC AR B SLAM A P 350 A% 0 458 AR ——
B TR 1R T0I DA K A0 el P R A T AT DE Y
o T3 R 5 R R A R A & P
A8 5 2B B R T R T e BRI A A Y
FREMEHE A HEEH WHUKLZ B, A
BB A RE CEIRE AT () BT
2o e A BB O A TR AE AR I, i3 S Al T
(6] A A ) R At PR 4 IR R TR SRR .
X LA O B A 4 AT T L& B

A 8 TR B 81 5 T, W H R 22 H R EE A
AL S B PR H T AAORG BE ORI T X AR AR A
PRTC A S S e e 5 3K, 2 0 T IR
JEAR T I T R E ST L 1 LL monodepth2
AR Y SRR B H TR B A T A WA e A
PRI T A 1 FUNOHE B, O L3 2o B 09 I o
SEIN Groad B0 A B

R e B AL B T R U R SR W ATS AR i A R A
T A SRR FUINORS E 8] 55K d ARG, T B

XCH fl A Al T mT BE e R R T I 22— O Z O ik
TE ARG 3 05 10 ¥ A W AE R 3, IF B AT LA )
SEPR A FN Bh A B AR Y = 4 A (R Dy B EH X
Tah& B bR R AT B A R R . tbsh, M
B 1 SCEE IR R T T DB I O R 2 Y 0 SURRAE ]
17 AT A4 36 B e 1) R AE R i e SLAM 2 ]
WA UEC DL R B A ) 80, W] LA ke ol 3 2 L RS
JE PR R A P R R 1) . (H R T Ay
FIF AR G R T B IR TR
95 B A ki Ak T 2% S T A

B P 7 T R AR SR R L R 2
— F BT /N B R W BE FR AR B AT LAy
MR | PEAG  AE FE SRR AE DTD PR I T
R F XoF 1 B o ARG BE B4 LR 3k R A 3 9 R AR DT
Ficl 5 W o i A0 R S — A O R S 2
i 11, % R 45 BE AT LA S ok A0 i DG i AR B Sk 52
B, 8 RT LA E S R E lE AE  D  T R G A g
fith % 3 [v) 52 1, T Y R TR T R B
AT DL A= Bl TR AE ) = 4k A



16 RS RN
R e
[1] Schneider T. Maplab: An Open Framework for Research in Visual-inertial Mapping and Localization [J]. IEEE Ro-
botics & Automation Letters, 2018. 3(3):1418-1425.
[3] Konolige K, Agrawal M. FrameSLAM: From Bundle Adjustment to Real-Time Visual Mapping [J]. IEEE Trans-
actions on Robotics, 2008. 24(5):1066-1077.
[4] Xavier R S, da SilvaB M, Goncalvesl. M. Accuracy analysis of augmented reality markers for visual mapping and lo-
calization [ C]// 2017 Workshop of Computer Vision (WVC). 2017, IEEE.
[5] Ortiz-Fernandez L. E. Smart Artificial Markers for Accurate Visual Mapping and Localization [J]. Sensors, 2021. 21
(2):625.
[6] ChaiY, Cao X. Stereo Matching Algorithm Based on Joint Matching Cost and Adaptive Window [C]// 2018 IEEE
3rd Advanced Information Technology, Electronic and Automation Control Conference (IAEAC). 2018.
[7] Guo X. Deep Eyes: Binocular Depth-from-Focus on Focal Stack Pairs. 2019.
[8] Song X, Zhao X, Lin T. Face Spoofing Detection by Fusing Binocular Depth and Spatial Pyramid Coding Micro-
Texture Features [ C]// 2017 IEEE International Conference on Image Processing (ICIP). 2017.
[9] Pilzer A. Progressive fusion for unsupervised binocular depth estimation using cycled networks [J]. IEEE Transac-
tions on Pattern Analysis And Machine Intelligence, 2019. 42(10) : 2380-2395.
[J] XuK, Chen Z, Jia F, Unsupervised binocular depth prediction network for laparoscopic surgery [J]. Computer
Assisted Surgery, 2019:1-6.
[10] Sinha A. DELTAS: Depth Estimation by Learning Triangulation and densification of Sparse points. 2020.
[11] Yao Y. Mvsnet: Depth inference for unstructured multi-view stereo [ C]// Proceedings of the European Conference
on Computer Vision (ECCV). 2018.
[12] Kusupati U. Normal Assisted Stereo Depth Estimation. 2019.
[13] Wang K, Shen S. Mvdepthnet: Real-time multiview depth estimation neural network [ C]// 2018 International con-
ference on 3d vision (3DV). 2018. IEEE.
[14] HouY, Solin A, Kannala J. Unstructured Multi-View Depth Estimation Using Mask-Based Multiplane Representa-
tion [C]// 2019: Springer, Cham.
[15] Long X. Multi-view Depth Estimation using Epipolar Spatio-Temporal Networks. 2020.
[16] Godard C. Digging Into Self-Supervised Monocular Depth Estimation [C]// 2019 IEEE/CVF International Confer-
ence on Computer Vision (ICCV). 2020.
[17] Aleotti F. Generative Adversarial Networks for Unsupervised Monocular Depth Prediction [C]// Proceedings,
Part I. Munich, Germany, 2019.
[18] Atapour-Abarghouei A. Real-time monocular depth estimation using synthetic data with domain adaptation [C]//
IEEE/CVF Conference on Computer Vision & Pattern Recognition. 2018.
[19] Madhu B V. A Deeper Insight into the UnDEMoN: Unsupervised Deep Network for Depth and Ego-Motion Esti-
mation [C]// 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS). 2018.
[20] Casser V. Depth Prediction without the Sensors: Leveraging Structure for Unsupervised Learning from Monocular
Videos [ C]// Thirty-Third AAAT Conference on Artificial Intelligence (AAAT
[20] 2019.
[21] Fu H. Deep ordinal regression network for monocular depth estimation [ C]// Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. 2018.
[22] Guo X. Learning monocular depth by distilling cross-domain stereo networks [ C]// Proceedings of the European
Conference on Computer Vision (ECCV). 2018.
[23] Jiang H. Self-supervised relative depth learning for urban scene understanding [ C]// Proceedings of the European
Conference on Computer Vision (ECCV). 2018.
[24] Kuznietsov Y, Stiickler J, Leibe B. Semi-Supervised Deep Learning for Monocular Depth Map Prediction [C]//

IEEE Conference on Computer Vision &. Pattern Recognition. 2017.



Wi st B, 058 TR BE A 315 5 A TRTRIT 50 2k T 17

[25]

[26]

[27]

[28]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[43]
[44]
[45]

[46]

[47]

Mahjourian R, Wicke M, Angelova A. Unsupervised learning of depth and ego-motion from monocular video using
3d geometric constraints [ C]// Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition.
2018.

Li R. Deep attention-based classification network for robust depth prediction [ C]// Asian Conference on Computer
Vision. 2018. Springer.

Ranjan A. Competitive collaboration: Joint unsupervised learning of depth, camera motion, optical flow and motion
segmentation [ C]// Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2019.
Poggi M. Towards Real-Time Unsupervised Monocular Depth Estimation on CPU [C]// 2018 IEEE/RSJ Interna-
tional Conference on Intelligent Robots and Systems (IROS). 2018.

Zhan H. Unsupervised learning of monocular depth estimation and visual odometry with deep feature reconstruction
[C]// Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2018.

Pillai S, Ambrus R, Gaidon A. SuperDepth: Self-Supervised, Super-Resolved Monocular Depth Estimation [C]//
2019 International Conference on Robotics and Automation (ICRA). 2019.

WY, .8, %P, ERTRHEG SR Z WERAIELT]. & a5 27, 2010. 25(4):593-597.

Cheng Mingming, Wang. He, An. Ping, Multi-view image correction based on feature point matching [J]. Chin,
J. Liq. Cryst. Displays, 2010. 25(4):593-597. (in Chinese)

R A, A TRBABSERMEFEG IARERLEMAL[I]. &S5 25, 2018, 33(4):357-364.

Zhang Jianye, Park Yan, Research on stereo matching algorithm based on improved steady-state matching probabili-
ty [J]. Chin, J. Liq. Cryst. Displays, 2018. 33(4):357-364. (in Chinese)

Huimin Yin. A High Spatial Resolution Depth Sensing Method Based on Binocular Structured Light [J]. Sensors,
2017. 17(4): 805-811.

Ende W. Stereo matching algorithm based on the combination of matching costs [C]// 2017 IEEE 7th Annual Inter-
national Conference on CYBER Technology in Automation, Control, and Intelligent Systems (CYBER). 2017.
TEAT, B TIREE S 2 A SLARSERFFE (D], Mg & e Tk X 5, 2020,

Wang Wei, Research on Binocular Stereo Vision Based on Deep Learning[ D] Hefei: Hefei University of Technolo-
gy, 2020, (in Chinese)

Anantrasirichai N. Dynamic Programming for Multi-View Disparity/Depth Estimation [C]// 2006 IEEE Interna-
tional Conference on Acoustics Speech and Signal Processing Proceedings. 2006.

Montserrat T. Depth estimation based on multiview matching with depth/color segmentation and memory efficient
belief propagation [ C]// Image Processing (ICIP), 2009 16th IEEE International Conference on. 2009.

Liu Y. Continuous depth estimation for multi-view stereo [C]// IEEE Conference on Computer Vision &. Pattern
Recognition. 2009.

Lee S B, Ho Y S. View-consistent multi-view depth estimation for three-dimensional video generation [C]// 3dtv-
conference: the True Vision-capture. 2010.

Mieloch D. Graph-based multiview depth estimation using segmentation [C]// IEEE International Conference on
Multimedia & Expo. 2017.

Facil ] M. Single-View and Multi-View Depth Fusion. IEEE Robotics & Automation Letters, 2017. 2(4) : 1994-
2001.

Yang M, Cao, X, Dai Q. Multiview video depth estimation with spatial-temporal consistency [ C]// British Ma-
chine Vision Conference, BMVC 2010, Aberystwyth, UK, 2010.

Ince S. Depth Estimation for View Synthesis in Multiview Video Coding [ C]// 3dtv Conference. 2007.

Long X. Occlusion-Aware Depth Estimation with Adaptive Normal Constraints. 2020.

Strecha C. Gool L. V. PDE-based Multi-view Depth Estimation [C]// International Symposium on 3d Data Pro-
cessing Visualization & Transmission. 2002.

Garg R. Unsupervised CNN for Single View Depth Estimation: Geometry to the Rescue [C]// European Confer-
ence on Computer Vision. 2016.

Godard C, Mac Aodha O, Brostow G J. Unsupervised Monocular Depth Estimation with Left-Right Consistency



S

18 RS RN

[C]// Computer Vision &. Pattern Recognition. 2017.

[48] Zhou T. Unsupervised Learning of Depth and Ego-Motion from Video. in 2017 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). 2017.

[49] Eigen D, Fergus R. Predicting Depth, Surface Normals and Semantic Labels with a Common Multi-scale Convolu-
tional Architecture [ C]// IEEE International Conference on Computer Vision. 2015.

[50] Chen W. Single-image depth perception in the wild [J]. arXiv preprint arXiv: 1604. 03901, 2016.

[51] Kendall A. End-to-end learning of geometry and context for deep stereo regression [ C]// Proceedings of the IEEE
International Conference on Computer Vision. 2017.

[52] LiZ, Snavely N. Megadepth: Learning single-view depth prediction from internet photos [ C]// Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 2018.

[53] Liu M, Salzmann M, He X. Discrete-Continuous Depth Estimation from a Single Image [C]// IEEE Conference
on Computer Vision &. Pattern Recognition. 2014.

[54] Mur-Artal R, Montiel ] M M, Tardos J D. ORB-SLAM: a versatile and accurate monocular SLAM system [J].
IEEE Transactions on Robotics, 2015. 31(5):1147-1163.

[55] WuY, Ying S, Zheng L, Size-to-depth: a new perspective for single image depth estimation [J]. arXiv preprint
arXiv:1801. 04461, 2018.

[56] Yang Z. Unsupervised learning of geometry with edge-aware depth-normal consistency [J]. arXiv preprint arXiv:
1711.03665, 2017.

[57] Williams O, Blake A, Cipolla R. Sparse and Semi-supervised Visual Mapping with the S~3GP [C]// 2006 IEEE
Computer Society Conference on Computer Vision and Pattern Recognition (CVPR'06). 2006.

[58] QinT. AVP-SLAM: Semantic Visual Mapping and Localization for Autonomous Vehicles in the Parking Lot [J].
arXiv preprint arXiv:2007. 01813, 2020.

[59] Saeedi S. Characterizing visual localization and mapping datasets [ C]// 2019 International Conference on Robotics
and Automation (ICRA). 2019. IEEE.

[60] Usenko V. Visual-Inertial Mapping With Non-Linear Factor Recovery [J]. IEEE Robotics and Automation Let-
ters, 2020. 5(2):422-429.

[61] Xiao L. Dynamic-SLLAM: Semantic monocular visual localization and mapping based on deep learning in dynamic
environment [J]. Robotics & Autonomous Systems, 2019.

[62] Hong S. Kim J, Three-Dimensional Visual Mapping of Underwater Ship Hull Surface using View-based Piecewise-
Planar Measurements [J]. IFAC— PapersOnLine, 2019. 52(21): 384-389.

EEE

FRIESE(1979—), B Ml E AN,
€, TR, 2006 4F T & HR 2% 3 A

Py {2 o, RN HLAR A 1 # WF

%
:

E—mail: yuanfeng _chen@hotmail.com



