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A multi-focal length dynamic stereo vision SLAM
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Abstract: The existing stereo simultaneous localization and mapping ( SLAM ) methods all use standard stereo cameras, and the
assumption of the static environment has influence on their accuracy in dynamic environment. A multi-focal dynamic stereo vision SLAM
is proposed. It could overcome the insufficiency of standard stereo cameras that cannot perceive the scene at long distance and wide field
of view. The impact of dynamic objects is also removed. To be specific, the stereo calibration method is improved and the calibration
parameters are utilized to rectify ORB features instead of rectifying stereo images. For multi-focal stereo images, a feature extraction and
matching method is also proposed to increase the number of matched features. Multi-view geometry, regional feature flow and relative
distance are used to detect dynamic objects. The feature points on the dynamic objects are eliminated. Compared with ORB-SLAM3 and
DynaSLAM, the positioning accuracy of the proposed method on the public data set KITTI is increased by 6.97% , and the positioning
accuracy on the self-made data set is increased by 26. 64% and 32.09% , respectively.
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Fig. 1 The architecture of multi-focal length dynamic stereo vision SLAM
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Fig.2 The images of the standard stereo camera
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Fig.3 The images of the multi-focal length stereo camera
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Fig. 4 Features matching strategy of the multi-focal

length stereo image
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Fig.5 Segmentation of priori dynamic objects and lane plane
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Fig.8 Comparison of stereo matching results

SR F 3 W A Z SR ECREIE 5 ROL DX i 5
FEIEER 25 A n] AR ORHRE = ST AR DL L 1 %5 &, 5 ORB-
SLAM3 FS7 ARDCECECEAR L 6 AT 12,5 mm 853k 41 A B9°F
Y14 i Ay 86.01% , 16 1 25 mm 45 3k 1Y F 14 14 5 K
31.97% ., 6 F112.5 mm BE3kACRAFT 16 F125 mm (15 A
TETF—J518 6 F112. 5 mm ) ORB-SLAM3 J5L 45 F- ¥ UL fic %k
KT 16 125 mm, 55 —J5 T 6 A1 12. 5 mm BYFEMEMZEH
T 16 125 mm,

2.2 KITTI #iFE&E L8

KITTI B4 5 F T VP4 25 T 0050 Fsoe iy LR o
5 SLAM 8RS . A SCEESE KITTI (19 00-07 J7 51 £ 48
ERHEAT XS LS5, L EAT BN T 55 SLAM 2 385% [
VAR . AR SO 468 5% 308 1% 2% (absolute trajectory error,
ATE) #HVEPEAS 15 FR , ATE J&—FhPEAS SLAM A9 AT
P, R TORE R B R] Y TS ARG AN 2 (R YRR
JUBLAERR B AN AR SO A FH - 347 B g i [R] P4k AR S0 3R
BRI

ORB-SLAM3  DynaSLAM FlIAS 3C /7 ¥ 78 KITTI %545
£ 00~ 07 JF5 Hp i) SF- 259 B B 1sf 6] R ATE 119 34 7 AR 35 22
(root mean squared error of ATE, ATE RMSE) Hoe 4 S
F 2 Fi/R, 5 ORB-SLAM3 ML, A 3C 378 00.01.,02
03,07 J¥41i) ATE RMSE £AIK, *F-3 ATE RMSE [ T
6.97% , 5 DynaSLAM # kb , A C 7 744E 00,01 ,02 .07 1
ATE RMSE %%, SF-¥ ATE RMSE F&K T 6. 97%

®2 fEKITTI HiEEHhxi
Table 2 Experiments in the KITTI dataset

K/ ORB-SLAM3 DynaSLAM K@it

o m B[]/ ms %/ m B ]/ ms W/ m A E]/ms 22/ m
00 3724 65.15 1.25 92. 60 1.37 111. 69 1.02
01 2 453 86.78 10.15 117.58 9.61 129. 14 8. 00
02 5067 65. 32 4.58 94.38 5.59 107. 61 4.55
03 561 67.73 1.33 87.13 0.77 103. 26 1.24
04 394 67.51 0.21 87. 11 0.23 107. 03 0. 60
05 2 206 66. 09 0.85 92.51 0.73 107. 87 1.11
06 1233 73.28 0. 67 97.22 0. 69 111.83 1.18
07 695 62.96 0.50 80. 01 0.53 105. 12 0.45

B 2042 69. 35 2. 44 93.57 2.44 110. 44 2.27

2.3 BHEHBEXE

TEE 9 /R T KITTI 751 00 F1 02 %k 4 1 52 56
455 K 9(a) M 9(d) i ORB-SLAM3 MR Hk 5 A5
BB AT, B 9 (b) FTE 9 (e) i DynaSLAM [ i L6
5ESHGB AR L, B 9 () A 9 (f) RAR SO Bk ) R i
7[R S = RS2 71 3: DOl w20 0 5 YL ERVAR i € e e )

6 NFPFI LR, Qi 3 FT /R, A U7 1R S35 ATE
RMSE . ORB-SLAM3 [£1IX T 17. 64% , L DynaSLAM [%
T 23.77% . EZEERE ST R BRI 6 AT A
SEgGHh, g 3 R, ZEE A AR SLAM -1
ATE RMSE [t ORB-SLAM3 [%& fiX T 26.64%, It
DynaSLAM BE{I% T 32.09% .,
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Fig.9 Comparison with SLAM and real GPS trajectories

*3 BEHIEEN ATE RMSE F 4 BEFIBEMNFHRERRE
Table 3 ATE RMSE in our dataset m Table 4 The average computation time of our dataset ms
[F] R HE ZAEE [F] £EHE ZAER
A K ORB- e ORB-SLAM3  DynaSLAM A3 ATy ik
. DynaSLAM ~ A3CJ5ik A7k
SLAM3 00 86. 24 148. 87 124. 88 135.15
00 510 1.53 1.75 1.68 1.65 01 83.28 139. 33 128.76 144.51
01 1591 5.97 8.47 4.41 3.31 02 82.59 144.20 135.57 142. 41
02 1326 2.95 3.18 3.09 3.04 06 90. 14 146. 74 145.98 153. 41
03 540 1.52 1.27 1.82 1.67 07 88.61 145.75 143.34 148. 88
04 1551 4.72 4.27 3.51 3.15 08 92.92 148. 16 145.74 144.29
05 1317 4.11 3.53 2.62 2.44 M 87.30 145. 51 137.38 144.76
B 1139 3.47 3.74 2.85 2.54
ASCHEMEELH 6.7 FPS, 55 DynaSLAM 0 3 45 8

AATA], A AR A 1P 2 BRI R ANk 4 PR, (HARIE

B, Z M) A AR5 SLAM 7E KITTL 304 45 h
LTI LIRS 10 FPS, SESUERA A SCHY E A0k B 5
F ORB-SLAM3 F1 DynaSLAM, i} [] 14 i &5 DynaSLAM

—‘ﬁo

BT ShAYARST SLAM BI52

ARSCRE T —Ffra] AR T AR s (R AHBLAN 2 fz
SEAHABLE 22 M B 3l 25 ST A 5E SLAM, & S ik 1 AR
SEAAHAIL TG B 5 40 73 0 B T
M.,

T S I
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