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Stereo Visual Odometry Based on Laplace Distribution

FAN Han-Qi* WU Jin-He'

Abstract In this paper, we present a stereo visual odometry algorithm to estimate the locations of the camera and
the surrounding map of unknown environments. The proposed algorithm works fast and yields an accurate traject-
ory of the camera and environment map. We associate the features of frames by optical flow, and then we select
stable features by applying three strategies, i.e. smooth motion constraints, circular matching, and disparity consist-
ency, from the associations. Our algorithm estimates translations and orientations of the camera separately only
from the selected stable features. We optimize camera poses and 3D points of the environmental map by assuming
the uncertainties of these quantities obey the Laplace distributions which resist outliers and large errors. The experi-
mental results on the KITTI and New Tsukuba datasets show that the proposed algorithm can quickly and accur-
ately estimate the camera pose and 3D environment points.
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Fig.1  Overview of the proposed algorithm framework
(The algorithm mainly consists two parts: data
association and pose estimation)
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Fig.4 Optical flow feature tracking and age description
(The same feature point can be tracked in consecutive
frames. The larger the age, the more stable the feature

point, T represents the pose transformation between
two frames)
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2 1 HEBOT B T ARSI S VISO2-S 78 KITTI
HHEEE 00 ~ 10 41 LAk TF AP LIS h 30 5 Fosk
M) RMSE. Mean Al STD. VISO2-S Hykif i
s/ MU E 2R 22 1K H ARt R AR AR A
ML e R 5782 . 385 % T ML e ss ik 2 b
BRI HER, ABHLE 3% 52w A AHALT 82 Al 1) DRI
K AR [FI AR AR AR 15 BABALIE 7 5 P B 1 1%
ZERR . A SCERFI I 53 FF T (P AR A AR AL e 4%
5 PR3 R A A TH RS A P, MR A HICHE T
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F 2 X T ANE B VEE KIS R KITTI
B4 LIz 47 i 8] 54 B SR IR T SR [34]
5 KITTI Benchmark®. Ax 3¢ R it 45 AL B 5 47
ZARACAS T AT RE B (B 1] AR TR B v, BT
ORB-SLAM2 X H /5% BA 545 BA RACLAH
WAz %S, R ORB-SLAM2 A7 A4k At 1 35 4 BT
%, T VISO2-S %t /£ 45 g B 4% #2 B Coner
A FUFD Blob ff s ISR 7, 18 I #AR TR
BG40t oG B, el ol f /MU E R
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AR 7. FB-KLT J7 42 HL Shi-Tomasi f /5

K1 AXHE. ORB-SLAM2 UL K VISO2-S it Hids 5 Btk 2 4] RMSE. Mean. STD X)L

Table 1  Comparison of RMSE, Mean, STD between the trajectory estimated by ours, ORB-SLAM2, and
VISO2-S and the real trajectory
RMSE (m) Mean (m) STD (m)

o AEL ORB-SLAM2  VISO2-S AYHP: ORB-SLAM2  VISO2-S AXHP ORB-SLAM2  VISO2-S
00 5.248 7.410 32.119 4.696 6.733 27.761 2.343 3.095 16.153
01 33.938 38.426 132.138 28.257 29.988 105.667 18.797 24.027 79.341
02 11.365 13.081 34.759 10.332 11.300 31.594 4.733 6.589 14.491
03 1.031 1.662 1.841 0.909 1.486 1.672 0.486 0.745 0.771
04 0.495 0.529 0.975 0.426 0.487 0.861 0.207 0.253 0.457
05 4.207 1.569 12.437 3.061 1.421 10.561 2.885 0.664 6.567
06 2.839 2.059 7.758 2.538 1.759 6.941 1.272 1.072 4.245
07 3.655 1.903 12.277 3.079 1.813 9.399 1.971 1.393 7.898
08 13.001 13.112 20.645 12.555 12.853 18.786 2.594 3.376 8.562
09 4.668 6.081 19.491 3.561 5.212 15.326 3.018 3.312 12.041
10 2.817 4.811 11.789 2.628 4.958 8.074 1.013 2.594 8.589
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Table 2 Computation time comparison
(Partial data from KITTI Benchmark?®") (ms)

Jiidk FHEARRE @it SRR L SR
orbslam?2® 11.4 109.2 120.6 3.5 GHz (1#%)
VISO2-Si* 34.5 3.3 37.8 3.5 GHz (1#%)
FB-KLT® 40.8 1.1 41.9 3.5 GHz (1#%)

AL 10.73 18.88 29.61 3.5 GHz (1)
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