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Intro

® Frame to frame motion estimation method

= 2D-2D motion estimation ( Scale problem)
\/ 3D-2D motion estimation ( minimize image reprojection error )

= 3D-3D motion estimation ( minimize feature position error)

Scaramuzza, Davide, and Friedrich Fraundorfer. "Visual odometry [tutorial]." IEEE Robotics & Automation
Magazine 18.4 (2011): 80-92.

Fraundorfer, Friedrich, and Davide Scaramuzza. "Visual odometry: Part II: Matching,
robustness, optimization, and applications." IEEE Robotics & Automation
Magazine 19.2 (2012): 78-90.
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Intro

® Feature based motion estimation process

[ Image Sequence ]
[ Feature Detection ]
[ Feature Matching(or Tracking) ]
[ Motion Estimation (2D-2D, 3D-2D, 3D-3D) J
v
[ Local Optimization(Bundle Adjustment) J —
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Interpolation

® 3D-2D motion estimation

P=(X.,Y,Z2)

u fx 0 cx| |tnn 2 T3 1
s|lvi=10 fy cy| |t T2 ;3 1,
] 'D 0 ] Ts31 T332 Taz t3

aban

optical
axis

—- N =< <

\

\
\
\

principal
point
(czycy)

€ = = —— - - ———-

—_—

L&@f@f@lﬂ 4



Interpolation

® 3D-2D motion estimation

= Sparse LIDAR data
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Interpolation

® 3D-2D motion estimation

= Sparse LIDAR data




Interpolation

® Method 1

= Dilation interpolation
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Interpolation

® Method 2

= Adaptive bilinear interpolation* (Max Ax, Max Ay)
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Interpolation

® Method 2

Adaptive bilinear interpolation* (Max Ax, Max Ay)
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Interpolation

® Method 2

Adaptive bilinear interpolation* (Max Ax, Max Ay)
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Interpolation

® Method 3

= Plane interpolation

A(XAr YA;ZA)
B(Xg,Ys,Zg)  Plane ABC
C(Xce,Ye,Z¢)
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LiDAR image
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Interpolation

® Method 3

= Plane interpolation

E\ ¢ pimg
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Interpolation

® Method 3

= Plane interpolation
pimg 2D (X, Y)
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Interpolation

® Method 3

= Plane interpolation

L\ * pimg
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LiDAR image
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Interpolation

® Method 3

= Plane interpolation

line AB : y = ayp * x + byp

line BC : y =agc *x + bge

lineCA:y=acy*x+ by

l\.'m

valid function:

LiDAR image . .
if (pimgy — Q4B * Pimg, + byp) * (Cy —ayp * Cy + bAB) < 0, continue;

if appg = oo, ((A or B), — pimgx) « ((Aor B)y — Cy) < 0,continue;
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Result

® LiDAR data - dilation interpolation
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Result

® Reprojection error - dilation interpolation
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Result

® Reprojection error - dilation interpolation
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Result

® Qutlier
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Result

® LiDAR data - adaptive bilinear interpolation




Result

® Reprojection error — adaptive bilinear interpolation
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Result

® LiDAR data - plane interpolation




Result

® Reprojection error - plane interpolation
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Result

® Reprojection error - plane interpolation
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Result

® Reprojection error - plane interpolation
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Result

® Visual Odometry

Yiusal Odometry
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Conclusion

® SOFT (Steroe Odometry based on careful feature selection and tracking)

Method Setting | Code Translation Rotation Runtime Environment Compare
1 V-LOAM 0.68 % 0.0016 [deg/m] 0.1s 2 cores @ 2.5 Ghz (C/C++) L
1. Thang and 5. S5ingh: Visual-lidar Odometry and Mappimg: Low drift. Robust, and Fast. |EEE International Conference on Robotics and Automation{ [CRA) 2015,
2 LOAM 0.70 % 0.0017 [deg/m] 0.1s 2 cores @ 2.5 Ghz (C/C++) L
1. Zhang and 5. Singh: LOAM: Lidar Odometry and Mapping in Real-time. Robotics: Science and Systems Conference (R55) 2014.
3 SOFT2 0.81% 0.0022 [deg/m] 0.1s 2 cores @ 2.5 Ghz (C/C++) (0
4 GOVOD 0.86 % 0.0031 [deg/m] 0.09s 1 core @ =3.5 Ghz (C/C++) L
7 5 HypERROCC 0.88 % 0.0027 [deg/m] 0.25s 2 cores @ 2.0 Ghz (C/C++) L
f SOFT 0.88 % 0.0022 [deg/m] 0.1s 2 cores @ 2.5 Ghz (C/C++) I

|. Cvigic and |. Petrovic: Stereo adometry based on careful feature selection and tracking. European Conference on Mabile Robots (ECMR) 2015




Conclusion

® SOFT (Steroe Odometry based on careful feature selection and tracking)
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e —— Path estimated from self recorded dataset

Conclusion

® SOFT (Steroe Odometry based on careful feature selection and tracking)




Conclusion

® Optimization - iISAM (Inceremetal Smoothing and Mapping)

(a) Original noisy data set.




Conclusion

® Optimization — iSAM (Inceremetal Smoothing and Mapping)

(a) Trajectory based on odometry only. (b) Trajectory and map after incremental optimizia-

tion. —
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