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Abstract Localization plays a key role in mobile robot’s navigation. Vision becomes more and more important for

localization. Firstly, this paper gives the mathematical description of visual localization. Secondly, typical methods of

visual odometry (VO) are introduced according to the data association modes.

Thirdly, the methods to improve the

robustness of visual odometry are discussed. Fourthly, the effect of semantic analysis on visual localization is described.

How to use deep neural network in visual localization is also provided. Finally, existing problems and future development

trends are presented.
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Table 1 The comparison between direct methods and indirect methods
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Table 2 The common used motion model assumption
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Table 3 The common used robust estimators
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Table 4 The common used robust objection
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Table 6 The comparison of the learning based localization methods
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Table 7 The common used tools in visual localization

flife Eigen, g20[2!, ceres[®8!, GTSAMI®9],

iSAMI00 SLAM++[101)

23 [A] 25 J Eigen, ROS TF, OpenCV Transform, Sophus
TR OpenCV Calib, Kalibr, MATLAB Calibration
Toolbox
R OpenCV Feature, VLFeat!102!
AL PCL Visialization, Pangolin, rviz
SFM Bundler®3], opencvMVGI96!, L3 J1.{af
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Table 8 The common used dataset in VO system
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TUM-Monocular 2012 jpg HH I &5 [25]
TUM-RGBD 2012 png+d RGBD 7 i [104]
ICL NUM 2014 png pogE| 4 I [105]
EuRoC MAV 2016 ROS! + ASL? bogE| VICON3 IMU [106]
Scene Flow 2016 png H 4 I [107]
COLD? 2009 JPEG &) © T Hot " [108]
NYU depth 2011/2012 png+d RGBD x T [109], [110]
PACAL 3D + 2014 JPEG HLE 4 I [111]
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? ASL Rk B e Ukt
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5 XEA—A COLD %iRiy4hEEIn4E, 7 http://www.pronobis.pro/data/cold-stockholm

S RG4S T @ AHIHLLA K 4 APl (Omnidirectional camera).
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